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Semantic Resources for Managing Knowledge in Battery

Research
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Simon Stier, and Philipp Veit

Semantic technology is revolutionizing how the battery research
community collaborates. It is becoming even more important as
artificial intelligence agents emerge in the field. This article
explores the role of semantic resources in advancing battery
research by enabling the formalization of knowledge in a
way that can be understood by both people and computers.
Domain-specific ontologies provide definitive frameworks for
structuring knowledge, while open-source software packages

1. Introduction

The battery community is generating more data and knowledge
than ever before."" There were more battery research papers
published in the 5 years between 2020-2024 than in the entire
33-year period between 1987-2019.”7 If a researcher reads
5 papers per week, it would cover less than 1% of the battery
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enable the creation, validation, manipulation, and sharing of
data. To link ontologies with other resources, articles, and mul-
timedia content, a new web-based platform called the Battery
Knowledge Base, which provides a centralized hub to enhance
knowledge sharing and collaboration, is introduced. In this arti-
cle, how these semantic tools address critical challenges in
knowledge and data management, driving progress in the field,
are highlighted.

research published in 2024. The volume of battery knowledge
being published begins to exceed the capacity of humans to pro-
cess or even understand it all. At the same time, the tools we
employ for documenting and sharing that knowledge have
not kept pace with advances in information technology.
Scientific knowledge today is still largely documented in freeform
text, narrative-style research papers, and static images intended
as print, rather than digital media.®’ The knowledge sharing
systems of the past simply cannot cope with the massive influx
of new data.

Artificial intelligence (Al) tools, like large language models
(LLMs), offer one part of the solution to this challenge. Since
OpenAl launched ChatGPT in November 2022, the ability to
quickly review and summarize information from many different
unstructured sources has provided a significant asset for over-
stretched researchers.” Although LLMs are able to process
unstructured information, they are more efficient, reliable, and
correct when fed with structured data. Furthermore, the energy
demands from Al queries are placing a significant load on
the electricity grid. A recent study found that a query from
ChatGPT requires roughly 10 times more energy to process than
a Google search.”™ The energy consumption of data centers in the
United States is projected to consume between 4.6%-9.1% of the
total domestic electricity production by 2030.

Semantic technologies offer a promising solution to these
challenges by providing a framework for structuring knowledge
and linking data in ways that bridge the gap between human
understanding and machine processing.”® By enabling data to
be encoded in a structured and machine-readable format, these
tools can reduce the computational overhead of unstructured
data processing while enhancing accuracy and reliability.”

Semantic technology resources, like ontologies and knowl-
edge bases, are at the core of this transformation.'” These
resources provide the structure necessary for effective
knowledge sharing, are compatible with the FAIR (Findable,
Accessible, Interoperable, and Reusable) principles for scientific

© 2025 The Author(s). ChemSusChem published by Wiley-VCH GmbH


http://www.chemsuschem.org
https://orcid.org/0000-0002-8758-6109
https://orcid.org/0000-0002-5003-1134
https://orcid.org/0000-0001-5880-5045
https://orcid.org/0000-0003-2954-1233
https://orcid.org/0000-0001-7444-2969
https://orcid.org/0000-0003-2120-5980
https://orcid.org/0000-0003-0410-3616
https://orcid.org/0009-0000-0186-9670
mailto:christian.punckt@kit.edu
http://creativecommons.org/licenses/by/4.0/
http://doi.org/10.1002/cssc.202500458
http://crossmark.crossref.org/dialog/?doi=10.1002%2Fcssc.202500458&domain=pdf&date_stamp=2025-07-15

ChemSusChem

Perspective

doi.org/10.1002/cssc.202500458

Chemistry

Europe

European Chemical
Societies Publishing

data,l"""'? and address the inherent complexities of integrating
data from diverse sources. As Al becomes increasingly embedded
in battery research, the ability to formalize and share knowledge
in @ machine-readable way is more critical than ever.

This article examines the role of semantic technology resour-
ces in accelerating battery research, with a specific focus on the
resources being developed and deployed through the BATTERY
2030+ project. It highlights ontology as a definitive and compre-
hensive framework for structuring knowledge and introduces a
new web-based platform called the Battery Knowledge Base
(BKB), which is a centralized hub for exploring ontologies and
linking them together with wiki-style articles, datasets, and mul-
timedia content in the battery domain. By addressing key chal-
lenges in data management and collaboration, we demonstrate
how these tools are driving innovation in the field. Finally,
we explore the future opportunities and challenges for semantic
technologies, emphasizing the importance of open collaboration
and community-driven solutions in shaping the next generation
of battery research.

2. Semantic Technology

Semantic technology enables both humans and machines to inter-
pret and act on data by structuring knowledge in a meaningful,
machine-readable format. It uses formal standards to convey
the meaning of data and information, ensuring interoperability
and facilitating advanced automated data processing.

The modern semantic technology stack is built largely on the
World Wide Web Consortium (W3C) standards.!"® The World Wide
Web was initially developed to help researchers at CERN to man-
age information by linking documents with hypertext.™
However, as the Web expanded, the need for structured data
and meaningful relationships became evident, leading to the
development of the Semantic Web.'™ This extension of the
Web created a network of linked data that was annotated with
meaningful metadata and designed to be navigated by machine
agents, including web crawlers, search engines, and Al tools."®

Semantic technologies are built on a few core principles.”
First, they use persistent unique identifiers to reference resources
such as datasets, publications, or equipment, ensuring precise
identification and retrieval. Second, they incorporate controlled
vocabularies and ontologies, which standardize terminology
and formalize the relationships between terms to improve con-
sistency across datasets. Third, they employ machine-readable
formats like JSON-LD, which embed semantic annotations
directly within data files.!"”’

The semantic technology stack provides a hierarchical
framework for organizing and utilizing structured data. At its
foundation, the Resource Description Framework (RDF) expresses
information as a network graph comprised of many node-edge-
node structures called triples.”® A triple is a three-positional
statement that expresses some basic piece of information. For
example, we could create a triple to make a statement like, “this
article - is published in - ChemSusChem”. While this triple is under-
standable for humans, we need some machine-readable refer-
ence vocabulary to formalize ideas like “is published in” as a
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standard and shared term. Semantic vocabularies fill this need.
Vocabularies define standardized terms, ensuring consistent data
interpretation. Ontologies build upon vocabularies by introduc-
ing logic and constraints that support reasoning and enable
complex queries. Ontologies contain general classes and relation-
ships, but do not reference any specific instances of data; that is
the role of a knowledge graph. Knowledge graphs extend ontol-
ogies and vocabularies to create networks containing instances of
data that are mapped back into the ontology framework.'92”
Finally, knowledge bases serve as repositories for structured data,
combining a knowledge graph with wiki-style articles and multi-
media content to make them useful for both humans and
machine agents.?" Together, these technologies transform
fragmented data into integrated, actionable insights that drive
scientific progress.

Semantic technologies are already ubiquitous in the digital
world and are foundational to the functioning of the modern
Web. Search engines like Google use knowledge graphs to
understand relationships between webpages and their content,
improving the relevance of the search results.”? Virtual assistants
rely on structured ontologies to interpret user queries and
provide accurate responses.”® E-commerce platforms leverage
linked data to recommend products based on user behavior,
while social media platforms use semantic analysis to organize
content.”*?*! As the amount of data on the Web continues to
increase, it is essential to make it accessible and understandable
for machine agents.

Semantic technologies were adopted in scientific research in
the late 20th century, with bioinformatics leading the way.””® The
Protein Data Bank (PDB) is a key early example. The PDB is a foun-
dational repository for 3D protein structures that enhances data
accessibility and integration by incorporating structured meta-
data and ontologies.””’ By encoding the relationships between
data elements and ensuring interoperability, the PDB became
a valuable resource for researchers worldwide. As the role of
Al continues to grow, this resource (and others like it) has facili-
tated Al-driven advancements in protein modeling. AlphaFold,
which received the Nobel prize in Chemistry in 2024, leveraged
PDB’s extensive dataset to train its model,”® demonstrating the
power of well-structured semantic data in accelerating discovery.
The PDB is not an isolated case; its practices reflect broader trends
in applying semantic technologies across scientific domains.
Related efforts like the Protein Ontology (PO) and the Gene
Ontology (GO) have created an ecosystem of interconnected
knowledge that allows deeper insights into biology.??3%

The use of semantic technologies, more broadly in scientific
research, has been accelerated by the proliferation of FAIR princi-
ples.' Semantic technologies are one set of tools that can help
implement the FAIR principles by structuring data with links to
standardized vocabularies,®'*? which is a central building block
for accelerated materials research in general.®¥ Findability is
ensured through persistent identifiers and standardized metadata.
Accessibility is enhanced via linked data frameworks like RDF and
JSON-LD, enabling seamless retrieval. Interoperability relies on
ontologies and controlled vocabularies, ensuring semantic consis-
tency across datasets. Reusability is supported by semantic anno-
tations that capture provenance, licensing, and context. As the
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FAIR principles become more deeply integrated into research
funding mandates, researchers are in need of semantic technology
resources to help them get the most value from their data.

3. Battery Semantic Resources

Semantic technologies in battery research address the challenges
of data fragmentation and the increasing complexity of data-
sets.®¥ By leveraging structured frameworks that were developed
by the Semantic Web and bioinformatics, these technologies sup-
port linking data across battery materials, components, pro-
cesses, and performance metrics.

Pioneering work in bioinformatics demonstrates the immense
value of structuring scientific knowledge. These efforts were both
ambitious and transformative, creating foundational frameworks
for data sharing and analysis that accelerate discovery across the
life sciences. However, directly applying these approaches to
materials research is less straightforward.®™ Battery research
spans a far broader and more heterogeneous landscape. It covers
materials chemistry, electrochemical processes, multiscale
manufacturing, diverse testing protocols, simulation, lifecycle
analysis, and more, each with its own specialized terminology,
data standards, and methods. This diversity makes it challenging
to create a logically consistent semantic framework capable of
capturing the full scope of battery research within a single ontol-
ogy. Addressing this challenge requires a flexible and modular
approach capable of linking diverse concepts across the entire
battery value chain. The Elementary Multiperspective Materials
Ontology (EMMO) provides a top- and mid-level ontology frame-
work specifically designed to express knowledge across materials
science domains.®%38 EMMO combines philosophical rigor with
practical engineering needs, creating a logically consistent foun-
dation for describing materials and their properties. By offering
a common semantic layer, EMMO supports interoperability
between diverse materials, science domains, and facilitates data
integration and reuse across disciplines. Its modular architecture
allows domain-specific extensions, like the Battery Interface
Ontology (BattINFO), to inherit this consistent upper-level frame-
work, while introducing specialized vocabularies and concepts
tailored to their particular research needs.

This article focuses mainly on resources related to BattINFO,
but there are several other ontology initiatives that address
specific challenges across the battery value chain. These efforts
highlight how semantic technologies can be applied in a flexible
way to address many different challenges in battery research.
Ontologies have been used to develop traceability systems that
track materials and processes in lithium-ion battery manufactur-
ing, enabling better inline quality control and process optimiza-
tion.B%4% |n battery testing, hierarchical and interoperable data
formats have been designed to describe test results and meta-
data, ensuring reproducibility and scalable data sharing.""
Other initiatives focus on linking material attributes to production
stages to support predictive analytics,“? improving state of
charge estimation for electric vehicle battery packs through
semantic modeling,* and integrating ontologies with Al to auto-
mate the disassembly of retired batteries.** Ontology-driven
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knowledge graphs have also been introduced to manage and
share critical battery data, supporting more efficient data integra-
tion and reuse.”® These specialized efforts highlight how flexible,
domain-specific ontologies can complement broader frameworks
by addressing targeted needs across the battery domain.
Beyond ontologies, knowledge bases serve as community-
driven platforms for aggregating and disseminating structured
information. The BKB, built on OpenSemantic Lab,”® extends
BattINFO by serving as a community-driven platform for struc-
tured battery knowledge. The BKB offers a machine-readable
knowledge graph that structures data with semantic concepts
from BattINFO, and is supplemented with traditional wiki-style
articles that contain human-readable multimedia content.
Researchers can take advantage of the structured data in the
knowledge graph and make contributions to human-readable
article content. This community-driven approach serves as a
centralized repository of knowledge about the battery domain.
The following subsections explore in detail how BattINFO and
the BKB provide the foundation for semantic knowledge manage-
ment in battery research. We examine how these tools facilitate
linked data exchange, advanced querying, and supporting the
next generation of digital battery research and innovation.

3.1. Battery Interface Ontology

BattINFO is a modular, domain-specific semantic framework that
addresses the challenges of managing knowledge across the
diverse and rapidly evolving landscape of battery research.>*4”
Originally created within the EU project BIG-MAP, BattINFO con-
tinues to develop as a resource within BATTERY 2030+ and the
global battery community. As part of the EMMO ecosystem,
BattINFO leverages EMMO's foundational concepts to ensure
semantic consistency with other materials science domains,
enabling interoperability across disciplines and multiscale model-
ing workflows. BattINFO enhances this foundation with specialized,
modular vocabularies covering chemical substances, characteriza-
tion methodologies, and electrochemistry, ensuring that the ontol-
ogy can evolve alongside advances in the field. This modular
design, combined with adherence to EMMO’s guiding principles,
allows BattINFO to act as a semantic backbone for battery research
while also serving as a scalable foundation for more specialized
ontologies. This has already been demonstrated in related efforts
focused on battery cell manufacturing and battery testing.[*®4
The implementation of BattINFO adheres to W3C Semantic Web
standards, enabling integration with widely used web-based knowl-
edge platforms such as Wikidata, DBpedia, and Google’s Knowledge
Graph. This ensures that battery-related information is both discov-
erable and linked to broader scientific and technical datasets. The
ontology is published in Turtle (Terse RDF Triple Language) and
maintained in public GitHub repositories to support transparent
development, version control, and community contributions.
Persistent identifiers, managed through the w3id.org PURL service,
ensure stable referencing over time even if hosting locations change.
A key feature of BattINFO is its dynamic response adaptation,
allowing it to distinguish between human and machine agents.
When accessed through a web browser, the ontology redirects
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users to human-readable documentation, while machine agents
receive machine-readable RDF representations. To further sup-
port its practical use, BattINFO provides pre-compiled JSON-LD
context files, simplifying the creation and integration of
linked data across applications. Through its SPARQL endpoint,
BattINFO also supports semantic querying, which allows research-
ers to perform advanced searches that are centered around con-
cepts rather than data filtering or keyword matching.

From a functional perspective, BattINFO can also serve as a
semantic backbone for operational data management plans
(DMPs), encoding data flows, dependencies, and data handover
points in machine-readable form.®*® This enables automatic gen-
eration of project-wide data inventories, supports alignment with
FAIR principles, and provides a clear map of how data moves
within and across projects, facilitating reuse beyond the initial proj-
ect context. This approach has been demonstrated in the research
project BIG-MAP and shown how it supports efficient data sharing
within larger consortia such as those in BATTERY 2030402

3.1.1. Example Use Cases

The versatility of BattINFO's semantic framework can be best
appreciated through practical examples. By applying it to
real-world battery data, researchers can transform traditionally
fragmented information into structured, machine-readable
knowledge. The following examples highlight how BattINFO
enhances data management across electrolyte formulations,
battery cell metadata, and performance testing datasets to
enable advanced searches and automated comparisons.

3.1.2. Electrolyte Formulations

Electrolyte formulations consist of multiple solvents, salts, and
additives, each affecting the battery performance. A typical plain

text description takes the form “1M LiPF; in DMCECEMC
1:1:1 (vol.) + 2 wt% VC." This recipe can be translated as 1 mole
per liter of lithium hexafluorophosphate (LiPF;), dissolved in a sol-
vent consisting of equal volumes of dimethyl carbonate (DMC),
ethylene carbonate (EC), and ethyl methyl carbonate (EMC)
with an additive of 2weight percent of vinylene carbonate
(VQ). While this notation is familiar to experts, it lacks the precision
necessary for systematic comparison and large-scale analysis.
Although the chemical composition of the lithium salt is clearly
described, the composition of the carbonate substances relies
on non-canonical abbreviations. Furthermore, mixing quantities
like amount concentration, volume ratios, and weight percen-
tages increases the complexity of the recipe. A better approach
is to translate this description into a structured semantic
model that clearly defines each component within a controlled
vocabulary, linking its composition, properties, and functional
roles.

Figure 1 illustrates how ontology-based modeling transforms
textual descriptions into structured, machine-readable data. For
example, the triple [Electrolyte - hasSolute - Lithium Hexafluoro
phosphate] establishes that LiPF, is a solute rather than just a
listed ingredient. Additional triples, such as [Lithium Hexafluoro
phosphate - hasProperty - Amount Concentration], associate a
numerical value (1) and a unit (mole per liter), ensuring precise
interpretation. As part of EMMO, BattINFO maintains unit consis-
tency by aligning with QUDT, a framework that standardizes phys-
ical quantities and measurements in linked data environments.

When the graph is processed by a machine agent, the human-
readable labels are converted to machine-readable identifiers
(e.g., electrolytes). This allows machines to make direct links from
BattINFO resources to external resources such as PubChem,
Wikidata, Google’s Knowledge Graph, and ChEBI, fostering
broader knowledge integration. The JSON-LD implementation
of the graph and Jupyter Notebook (provided in the

1M LiPE6in DMC:EC:EMC 1:1:1 (vol.) + 2 wt% VC

(o ] [ Motepertitre ) ([ o002 ][ unitone ]
[ AmountConcentration ] [ MassFraction ] === hasSolvent
hasSolute
[ LithiumHexafluorophosphate ] [ VinyleneCarbonate ] hasAdditive
hasConstituent
hasProperty
[ Electrolyte ] = hasNumberValue
l hasMeasurementUnit
[ Solvent ]
[ DimethlyCarbonate ] [ EthyleneCarbonate ] [ EthylMethylCarbonate ]
[ VolumeFraction ] [ VolumeFraction ] [ VolumeFraction ]

( o333

][ UnitOne ] [

0.333

][ UnitOne ] [

0333 ][ unitone ]

Figure 1. A visual representation of a semantic graph describing the electrolyte formulation “1 M LiPF6 in DMC:EC:EMC 1:1:1 (vol.) + 2 w.t% VC” using
ontology terms. Each node is labeled with its skos:prefLabel to support human readability, while the underlying structure is fully machine-readable through
RDF triples. This dual representation facilitates automated querying, data integration, and interoperability. An implementation of this graph in JSON-LD is

available in the supplementary materials and on GitHub.**
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supplementary materials and on GitHub®®) demonstrate this
functionality and show how the query language SPARQL can
be used to retrieve information from the graph.

3.1.3. Battery Cell Metadata

Battery performance is influenced by materials, manufacturing
parameters, and operational history. Metadata models must com-
prehensively capture these factors to enable meaningful compar-
isons and predictive analytics.

Existing metadata descriptions often rely on inconsistent tab-
ular formats or unstructured documentation. The International
Electrotechnical Commission (IEC) defines an alphanumeric
system for cell identifiers, such as IFpR2032, where “I” denotes
a carbon-based negative electrode, “Fp” indicates an iron-
phosphate positive electrode, and “R2032" specifies a round coin
cell format with 20 mm diameter and 3.2 mm height. Although
IEC identifiers provide a standardized shorthand for battery cells,
they are only superficial descriptions that lack the depth needed
for more meaningful understanding. Beyond this basic classifica-
tion, additional metadata such as nominal voltage, capacity, and
manufacturer details are typically stored in separate documents,
making integration difficult. To address this challenge, semantic
models provide a structured alternative.

Figure 2 illustrates how an IFpR2032 cell can be represented
as a knowledge graph. The alphanumeric code IFpR2032 implies
meaning based on assumed pre-existing knowledge, while the
graph makes that meaning explicit. The code letter “Fp,” indicat-
ing an iron-phosphate-based electrode is replaced by the triples
[CoinCell - hasPositiveElectrode - Electrode] and [Electrode -
hasActiveMaterial - LithiumlronPhosphatel. In this way, we can
maintain traceability from specific batches of lithium iron phos-
phate material to specific coin cells. Furthermore, because the
BattINFO term for “LithiumlronPhospate” links to other sources
like PubChem and Wikidata, agents can follow those links to

retrieve additional information (e.g., density and molar mass) that
is not explicitly defined in the graph.

This structured metadata representation supports advanced
querying so that researchers can filter datasets based on voltage,
electrode chemistry, or manufacturing details without manual
data processing. These features are demonstrated in the accom-
panying JSON-LD implementation of the graph and Jupyter
Notebook in the supplementary materials and on GitHub.

3.1.4. Battery Test Metadata

Battery performance testing generates vast time series datasets,
containing quantities like voltage, current, temperature, and time.
While they are essential for understanding cell behavior, these
datasets are often stored in fragmented formats that hinder
cross-study comparisons and automated analyses.

The need for descriptive metadata for tabular datasets
extends across many fields, and the CSV on the Web (CSVW)
vocabulary has emerged as a widely accepted standard for
addressing this challenge. CSVW provides a flexible framework
for describing tabular data structures, while BattINFO enriches
these descriptions by explicitly linking columns to standardized
battery-related ontology terms, ensuring precise unit definitions
and semantic clarity.

Figure 3 visualizes how a battery time series dataset can be
mapped to an ontology. By explicitly linking each measurement
to an ontology-defined unit, this approach prevents errors caused
by inconsistent unit conventions. Automated validation mecha-
nisms further ensure test condition consistency, improving data
reliability. Linking structured metadata to BattINFO terms enables
cross-referencing of battery test data with cell specifications,
environmental conditions, and modeling parameters, facilitating
holistic performance analysis.

A key advantage of semantic structuring is query-driven anal-
ysis. Instead of manually searching files, researchers can execute

IFpR2032
[ 3 ] [ Gram ] [ 3.2 ][ Volt ] =P hasNegativeElectrode
hasElectrolyte
hasPositiveElectrode
[ Mass ] [ NominalVoltage ] hasCase
=P hasActiveMaterial
= hasProperty
[ R2032 ] [ CoinCell ] » hasNumberValue
hasMeasurementUnit
[ Electrode ] [ OrganicElectrolyte ] [ Electrode ]
\ 4 v
[ Graphite ] [ LithiumlronPhosphate ]

Figure 2. A visual representation of a graph showing the description of an IFpR2032 coin cell. The labels shown in the figure correspond to the
skos:prefLabel annotation for the ontology terms. An implementation of this graph in JSON-LD is available in the supplementary materials and on

GitHub.>*
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Time-Series Test Data

= csvw:column

csvw:datatype
= CSVW:NAMe

( csvw:TableSchema |

/ \iMeaSUfEmentunit
\ 4
[ csvw:Column ] [ csvw:Column ] [ csvw:Column ]
[ MilliSecond ] [ TestTime ] [ Volt ] [ Voltage ][ Ampere ] [ElectricCurrent]
\ 4 y
[ “test_time_millisecond” ] [ “voltage_volt” ] [ “current_ampere” ]

Figure 3. A visual representation of a graph showing the description of a time series test data table schema. The labels shown in the figure correspond to
the skos:prefLabel annotation for the ontology terms. An implementation of this graph in JSON-LD is available in the supplementary materials and on

GitHub.>?

SPARQL queries to retrieve specific test conditions, such as iden-
tifying all test cycles where voltage drop exceeded a threshold,
enabling automated anomaly detection and performance com-
parisons across different cell designs. The JSON-LD implementa-
tion of the graph and Jupyter Notebook (available in the
supplementary materials and on GitHub™®) demonstrate some
of these approaches.

By transitioning from fragmented, text-based documentation
to ontology-based representations, battery test metadata
becomes fully machine-readable, enabling automated validation,
large-scale integration, and Al-powered insights into battery per-
formance trends.

3.1.5. Challenges for Broader Adoption

Despite the clear advantages of semantic representation, several
technical and adoption challenges must be addressed before
these approaches can reach widespread implementation in bat-
tery research. Unlike freeform text documentation, structured
ontology-based models require careful metadata annotation
and formatting, which can be time-consuming and technically
demanding. While tools and templates can streamline this pro-
cess, researchers often face a steep learning curve, requiring both
training and infrastructure support. The challenge lies in balanc-
ing machine-readability with usability for human researchers
unfamiliar with ontological frameworks.

A key challenge for battery ontologies is keeping pace with
the continuous growth and evolution of domain knowledge.
As new materials, processes, and testing methods emerge, ontol-
ogies must be agile enough to incorporate these developments
while maintaining internal consistency. Achieving this requires
strong community support to ensure that diverse methods
and terminology used across different laboratories are ade-
quately represented. At the same time, ontologies must remain
a definitive and trustworthy resource that is aligned with estab-
lished standards. Maintaining and expanding domain ontologies
requires active community involvement, an efficient process for
creating or modifying terms, continuous updates, and version
control to prevent fragmentation.
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Many battery datasets are published on platforms like
Zenodo, providing valuable open access to research data, but
these datasets are often not semantically annotated or linked
to relevant metadata, making them difficult to find and reuse
effectively. The community needs to do more to encourage
and reward the publication of high-quality, FAIR-aligned datasets,
while also providing researchers with tools and guidance to sim-
plify the process of adding semantic annotations. Developing
interoperable data repositories capable of handling heteroge-
neous data with standardized metadata will be critical to ensur-
ing long-term value. Domain-specific infrastructures, such as
OPTIMADE for materials design®*>* show how standardized
APIs can enhance the discovery and interoperability of materials
data within a specific field. More flexible platforms, such as
Kadi4Mat,*® offer a broader framework for managing research
data across disciplines by combining structured data storage with
semantic metadata handling. These efforts also raise the question
of how to sustainably fund long-term storage and curation of
curated datasets.

For experimentalists managing large volumes of data under
time constraints, manual metadata annotation can present a sig-
nificant barrier, even when the benefits of semantic technologies
are well understood. To overcome this, semantic resources must
be supported by intuitive, accessible interfaces and automation
tools that streamline the annotation process. For example, the
BattINFO converter enables researchers to use familiar spread-
sheet templates to generate machine-readable JSON-LD meta-
data, eliminating the need to work directly with RDF syntax or
ontological files®” Al-assisted annotation tools, lightweight
web-based laboratory notebooks, and standardized templates
can further reduce the technical burden.

In parallel, semantic validation methods play a critical role
in ensuring data integrity and reducing human error. These
include syntactic checks (e.g. validating structure against a
JSON schema), semantic consistency checks (e.g., flagging mis-
matches such as a length being annotated with a unit of mass),
and ontology-aware reasoning using inference engines.
Frameworks like SHACL, OWL reasoning, or even schema-based
tools such as Pydantic can help catch inconsistencies early in the
workflow and guide users to correct them. Community-curated
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examples, detailed documentation, and shared best practices
also support reproducible use. Moving forward, the development
of user-friendly, Al-supported interfaces, combined with robust
semantic validation, will be essential for scaling adoption across
the battery research community.

Addressing these challenges requires collaboration between
battery researchers, ontologists, data scientists, and industry
stakeholders. Overcoming these barriers will not only enable
more efficient data exchange and deeper insights, but also create
opportunities for new tools and platforms to streamline adoption.
The next section explores how the BKB is working to bridge these
gaps and enhance the accessibility and usability of semantic tech-
nologies within battery research.

3.2. The Battery Knowledge Base

The BKB is a community-driven, open-access resource designed
to facilitate the structured sharing, management, and retrieval of
battery-related knowledge across the entire value chain. Its scope
is intentionally broad. In addition to describing materials, compo-
nents, cells, and processes, the BKB includes knowledge entries
intended to raise the shared baseline of battery understanding,
ranging from introductory tutorials to expert commentary and
best practices. It also indexes raw datasets and metadata to help
users discover relevant information and understand parameter
interrelationships. To foster collaboration and awareness of cur-
rent activities, the BKB supports entries for people, projects,
organizations, and events, helping connect the research commu-
nity through structured semantic information.

Built on Semantic MediaWiki®®® and Open Semantic Lab,"“!
the BKB provides a familiar, wiki-based interface which combines
the concept of Wikipedia and Wikidata,*® enabling researchers,

Explore and Learn

User Pages
Find other users and introduce yourself

Organizations
Find and complete data about institutions

LEARN MORE® LEARN MORE®>

Process Parameters
‘What s important when it comes to battery
manufacturing?

Key Performance Indicator
How to measure process and product
performance?

LEARN MOREC

engineers, and industry professionals to collaboratively develop
and refine structured battery knowledge. All resources are mod-
eled with ontology-annotated and object-oriented linked data
schemas (OO-LD)®® which are also available at GitHub.®"
Identity is managed by login via ORCID's®®? Single Sign-On
(SSO), associating the contributions of users to the corresponding
ORCID ID.

The BKB is designed to scale to large volumes of metadata.
Since it stores structured semantic metadata and links to external
repositories rather than ingesting raw data directly, it can accom-
modate thousands of dataset records efficiently. The underlying
Semantic MediaWiki and Open Semantic Lab infrastructure have
been validated in other large-scale projects, and the BKB lever-
ages these proven technologies to support high-volume use
cases such as battery cycling test indexing.

The BKB encompasses a wide range of knowledge catego-
ries, making it a versatile resource for different stakeholders.
The homepage provides an overview of the core topics that
users can explore, which is shown in Figure 4. Like a traditional
knowledge base, it includes entries on people, organizations,
projects, and events, but it extends far beyond these general
topics to incorporate battery-specific content. Including a full
import of the BattINFO and EMMO ontology, the platform
ensures that users are able to easily contribute structured infor-
mation on a diverse array of battery-related topics, including
materials, components, cells, manufacturing, and testing
methodologies.

Researchers can engage with the BKB in multiple ways. They
can create and edit articles associated with ontology-defined
terms, ensuring that content remains comprehensive and up
to date. Researchers can annotate and enrich datasets with meta-
data, facilitating automated search and retrieval across various

Events
What is going on in the B2030+ Community?

Project Profiles
Tell us about your project and learn about others

LEARN MORE( LEARN MORE>

Measurement Techniques
How to quantify process parameters and KPis?

Sign Our Memorandum
BATTERY 2030+ Memorandum on Research
Standards and Guidelines

LEARN MORE(>

Figure 4. A screenshot of the BKB homepage showing some of the key topics that users can explore. Each topic is represented both as a human-readable
article and as a semantically structured entity in the underlying knowledge graph, enabling both intuitive browsing and machine-driven querying.
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studies. Additionally, researchers can create personal pages to
highlight their technical expertise, experience, and publications,
while project managers can develop pages for their initiatives to
share results and consortium information. Event organizers can
also use the platform to promote their events and document
the outcomes. The open-access nature of the platform fosters
continuous community curation, ensuring that the knowledge
base evolves alongside advances in battery science, manufactur-
ing, and performance assessment. The BKB and BattINFO are
currently governed by the Battery2030+ consortium, and will
transition to a community-driven governance model after the
end of the project.

Beyond human readability, the BKB leverages a semantic
architecture that structures information as a knowledge graph.
Unlike conventional wikis, where data is stored as unstructured
text, this approach enables dynamic querying, filtering, and con-
textualized knowledge discovery. Instead of relying on simple
keyword searches, users can explore battery-related concepts
through meaningful semantic relationships, allowing for deeper
insights and more efficient data retrieval. This structured frame-
work also makes the BKB highly compatible with Al-driven tools,
robotic R&D platforms, and predictive modeling software, bridg-
ing the gap between human and machine-readable knowledge.

One of the first practical use case for the BKB was to describe
the manufacturing of lithium-ion batteries, which is a very com-
plex process chain featuring many steps. Each step has many con-
trol parameters that, together with the properties of the input
materials, affect the quality of the product. Obtaining a thorough

Mixing @

~ Description

mixing of slurry constituent components together with a solvent to create an electrode slurry

n

Slurry mixing involves combining active materials, conductive additives, binders, and solvents to create a homogeneous electrode slurry mixture’

This slurry is then coated onto a current collector to form the electrode. Proper slurry mixing ensures optimal performance, consistency, and

longevity of the batteries,

~ Components of the Slurry

* The main component responsible for electrochemical reactions. Examples include lithium cobalt oxide (LCO) and graphite.

understanding of this process chain and its interconnections is
essential for both researcher and industry stakeholders. It helps
researchers to improve the reproducibility of their results
and industrial stakeholders to fine-tune the quality of their
manufacturing process.

To demonstrate an example of this, Figure 5 shows the dedi-
cated page describing the “mixing” process in the lithium-ion bat-
tery manufacturing chain. The page is structured using semantic
technologies to integrate both human-readable explanations and
machine-readable metadata. This page supports human readabil-
ity with a knowledge panel that summarizes key metadata about
the process, including relevant materials, equipment, and proce-
dural details. The page also allows for rich content contributions.
Researchers and industry experts can expand the wiki article with
detailed explanations, best practices, and citations, ensuring the
resource remains comprehensive and up to date. Multimedia
content can also be embedded, as demonstrated by an instruc-
tional YouTube video on the page, that visually walks through the
process of preparing an electrode slurry for lithium-ion battery
production.

Behind the human-readable content, the BKB leverages the
BattINFO ontological framework to structure a machine-readable
knowledge graph describing the process. Figure 6 shows a
screenshot from the BKB, isolating the part of the knowledge
graph related to the mixing process. Each node in the graph rep-
resents a concept with its own persistent and unique identifier,
which can be annotated with human-readable information in its
own wiki page. The edges connecting the nodes are object

VTR N 1 subcoregory @ Create

2: Materials like carbon black or carbon nanotubes that enhance electrical conductivity

1

2

3. Bir %: Polymers such as polyvinylidene fluoride (PVDF) that provide mechanical stability and adhesion to the current collector
)

Solvents: Liquids such as N-Methyl-2-pyrrolidone (NMP) or water used to dissolve binders and facilitate mixing,

~ Mixing Process

o » &

Label Mixing
Machine compatible name Mixing

Statements (outgoing)

Statements (incoming)

No results
Category (Class)
Supercategories * Battery Manufacturing Process
Meta Knowledge Base Category
Battery Manufacturing Process Type

Step ID 03

Successors . ss0ng

Parameter

Figure 5. A screen shot of an entry in the BKB describing the process of mixing an electrode slurry. The page integrates a human-readable wiki article with
a semantic knowledge panel (right) that summarizes the structured metadata and ontological relationships. This combination enables both intuitive under-
standing and machine readability, supporting automation and knowledge retrieval. The article also supports multimedia content such as the embedded

instructional YouTube video shown here.
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Slarting Materials Active materials, binders, additives

Particle size distribution 5016 size gistribution (additives)

Purity (raw materials) ~ Particle size distribution (active materials)

Mixing tool (technology)
Mixing intensity

Oateh size (mixing)
Mixing tool (vendor)

Specifc surface area (active material) Temperature (mixing)

(Mixing)
Specifc surface area (cabon black after pre-mixing)

Mixing time

Particle shape (active material)  vacyum (mixing)

Pre-mixed powder
chemical purity

Mixing order

Electrode filn. Suspension density

Viscosity (slurry)

Flow rate /dosing volume

Casting width
Carbon black agglomerate size (after mixing)

Casting
Drying
Homogeneity (slurry)

Casting pattern Surface morphology (charge collectors)

Stability Gap height

Band velocity

ng tool (serial number)

Mixi
Carbon black agglomerate size (after pre-mixing) Polymer prioo.

Electrode sjn
Chemical composition (active material) Mixing tool (model)

HasSuccessor ~ HasOutput

HasInputParameter

DependsOn  HasParameter

Figure 6. A screenshot of the process graph for the “mixing” step in lithium-ion battery manufacturing, as represented in the BKB. This machine-readable
graph structures knowledge about the process, including input parameters (green), quality-relevant quantities (red) and their relationships to materials
(blue), outputs (purple), and links to subsequent process steps (yellow). This structured representation connects to the human-readable article, enabling

seamless integration between visual explanations and computational analysis.

properties from the knowledge base that serve to impose struc-
tured relationships between the concepts. This approach allows
the BKB to express knowledge about the mixing process includ-
ing its input parameters (green), the key properties (red) of the
component materials (blue) that affect the quality of the output
product (purple), and links to the next steps in the process chain
(yellow). This approach allows machines to understand the con-
text of data that are mapped to these nodes and infer information
about how they are related. This combination of structured and
semantically rich knowledge, with explanatory text and multime-
dia makes the BKB an intuitive, yet powerful resource for both
human users and machine agents.

The structured, community-driven nature of the BKB also
plays an important role in formalizing standards, protocols,
and best practices that enhance the reproducibility and efficiency
of battery research. The adoption of common vocabularies and
ontologies promotes consistency in terminology and reduces
ambiguity in procedural descriptions. Formalizing process
descriptions, like the above example, provides clear guidance
for researchers and encourages them to follow and report
well-documented, reusable protocols. Over time, as these proto-
cols and recommendations gain wider acceptance, they can
shape evolving best practices that are continuously documented
and refined in the knowledge base. The collaborative editing and
review features of the BKB ensure that the community can col-
lectively improve and update these protocols to reflect the latest
scientific understanding and align with recommendations from
regulatory bodies, funding agencies, and industry groups.

Another important feature of the BKB is its ability to serve as a
repository for structured dataset indexing. Researchers and insti-
tutions can contribute datasets to the BKB by uploading them on
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Zenodo in the BKB community.®® This community serves as a
trusted and curated source of data, which is regularly scrapped
for metadata to instantiate entries in the BKB. This enables sim-
plified data sharing while preserving proper attribution and
facilitating integration with other research efforts. The BKB links
datasets to ontology terms and provides a contextualized
approach to battery research, making it easier to find and analyze
relevant information.

In addition to the web browser interface, the BKB provides
programmatic access through RESTful APIs, a SPARQL endpoint,
and a Python package®™® These capabilities allow external
applications to retrieve structured battery knowledge, enabling
Al-driven material discovery, predictive modeling, and automated
experimental design. For example, researchers can use a SPARQL
query to extract all datasets related to lithium-ion battery
degradation under specific cycling conditions, enabling auto-
mated insights and large-scale comparisons. This can also be
done by using the Sparklis-Ul to build queries from natural lan-
guage like, “give me every Dataset that has a relation to
LithiumlonBattery.” In addition, the graph is indexed in a RAG
approach to enable direct question-answering with LLMs.
As an example, users could submit the prompt, “dataset about
lithium ion battery” in the search bar to get an answer with source
links from the chatbot.

One of the persistent challenges in battery research is the
fragmentation of data across different sectors and research envi-
ronments. The BKB promotes semantic data standards that cover
the entire battery value chain, ensuring that data from different
aspects are consistently structured and interoperable. By central-
izing battery knowledge within a unified framework, the BKB ena-
bles researchers to compare experimental results and facilitate
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cross-sector collaboration. The use of linked data principles
ensures that the BKB's structured knowledge can interoperate
with other scientific databases, knowledge graphs, and industrial
data infrastructures, bridging the gap between academic
research and large-scale industrial applications.

The BKB advances the state of semantic data management for
battery research. By leveraging the capabilities of Semantic
MediaWiki and Open Semantic Lab, providing structured knowl-
edge through APIs and SPARQL endpoints, and fostering a
community-driven approach to knowledge curation, the BKB
addresses critical challenges in knowledge managment and data
standardization. Through its structured, interoperable framework,
the BKB facilitates collaboration, enhances data reuse, and accel-
erates advancements in battery science and technology. More
details can be found at the BKB.[*

4. Summary and Outlook

The increasing volume of battery research and data presents both
a challenge and an opportunity for the scientific community.
Traditional methods of documenting and sharing knowledge—
freeform text in research papers and unstructured datasets—
are struggling to keep pace with the exponential growth of
new information. At the same time, structured and machine-
readable data formats facilitate Al- and machine-driven research.
Semantic technologies, including ontologies and knowledge
bases, offer a solution by providing standardized frameworks for
structuring and linking battery-related knowledge.

Semantic resources, like BattINFO and the BKB, can facilitate
knowledge integration, improve data accessibility, and enhance
interoperability in battery science. BattINFO, a modular ontology
framework built within the EMMO, provides a structured vocab-
ulary for battery-related concepts, enabling precise data repre-
sentation and linking across research disciplines. The BKB, built
on Semantic MediaWiki and Open Semantic Lab, extends these
capabilities by offering a community-driven platform, where
researchers can contribute, retrieve, and integrate structured
knowledge in a format accessible to both humans and machines.
Together, these tools create a foundation for linked data
exchange, advanced querying, and Al-driven insights in battery
research.

Through concrete use cases, we have demonstrated the
power of structured data in electrolyte formulations, battery
cell metadata, and performance test datasets. By transforming
unstructured text-based information into knowledge graphs,
researchers can automate data retrieval, perform similarity anal-
yses, and enhance machine learning applications. The integration
of SPARQL endpoints, JSON-LD representations, and RDF-based
ontologies supports collaboration between human researchers
and machine-driven analytics, paving the way for Al-assisted
discovery in battery science.

Despite these advancements, several challenges remain
in achieving widespread adoption of semantic technologies.
More efficient tools are needed to support efficient metadata
annotation, and ontology evolution need continued community
engagement. Encouraging open data practices and fostering
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collaboration between research institutions, industry stakehold-
ers, and ontology developers will be essential to overcome these
barriers.

Looking ahead, semantic technologies are poised to become
an integral part of the digital battery ecosystem. Future develop-
ments should focus on expanding ontology coverage, improving
automated knowledge extraction methods, and developing intu-
itive interfaces for researchers to engage with structured data
more easily. As funding agencies and regulatory bodies increas-
ingly emphasize FAIR principles, researchers will need robust
semantic frameworks to maximize the impact and usability of
their data.

Better structuring of knowledge can reduce duplication of
effort and ensure that valuable resources such as materials,
energy, funding, and time are used more efficiently. By enabling
broader reuse and integration of datasets, semantic tools accel-
erate the translation of research findings into industrial applica-
tions. This not only supports faster innovation cycles but also
contributes to more sustainable battery development, reducing
environmental impact and promoting responsible use of public
and private research investments for societal benefit.

By continuing to refine and expand these tools, the battery
research community can accelerate scientific discovery and
enable the next generation of data-driven battery innovations.
The BKB and BattINFO represent important first steps in this trans-
formation, but their long-term success will depend on ongoing
contributions from the global research community.
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