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Résumé. L’extraction automatique d’informations à partir de fiches techniques
de batteries est essentielle pour la modélisation précise et la gestion des per-
formances des cellules électrochimiques. Ces fiches, souvent au format PDF
non structuré, contiennent des informations critiques mais difficiles à exploi-
ter automatiquement de manière fiable. Dans cet article, nous proposons une
chaîne complète d’extraction basée sur une ontologie de domaine et des mo-
dèles de langage (LLMs). Notre approche utilise un pipeline dual-LLM com-
binant raisonnement étape par étape (Chain-of-Thought) et exemples à faible
nombre (few-shot) pour extraire des triplets structurés à partir des datasheets.
Une étape de validation par LLM garantit la conformité des triplets à l’ontolo-
gie et élimine les doublons ou les erreurs. Nous évaluons cinq modèles LLM
sur plusieurs fiches techniques et validons manuellement les triples extraits. Les
performances montrent que les modèles récents extraient des informations plus
cohérentes et précises, confirmant l’efficacité d’une approche ontologique pour
transformer des données hétérogènes en connaissances interrogeables.

1 Introduction
Batteries are becoming increasingly valuable as the world transitions toward the electrifi-

cation of the transportation sector. Modern electric vehicles (EVs) rely on large battery packs
composed of multiple modules, each containing hundreds or even thousands of individual bat-
tery cells. These cells form the core energy-storage units of any EV. Because most electro-
chemical characterization, aging studies, and performance validation tests are performed at
the cell level, a significant amount of research focuses on developing accurate battery models,
ranging from physics-based models Doyle et al. (1993); Santhanagopalan et White (2006) to
data-driven and machine-learning-based models Singh et al. (2021); Attia (2020), using cy-
cling data collected from individual cells.

A key challenge in cycling battery cells is obtaining accurate and complete information
about the cell specifications, which is essential to ensure proper testing and avoid misuse.
Critical parameters include the maximum continuous charging current, operating temperature
range, cutoff charging voltage, and cutoff discharging voltage, among others. However, this
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information is often difficult to locate or may be ambiguously presented. Most cells come
with datasheets, typically in PDF format, but these documents may not always be available in
English, especially for cells from major Chinese manufacturers such as EVE Energy, Sunwoda,
Gotion High-Tech, or SVOLT Diao et al. (2021). Studies have shown that datasheets from
different manufacturers can be inconsistent, incomplete, or difficult to interpret, which makes
extracting operational limits and critical parameters challenging Diao et al. (2021); Hassini
et al. (2023); Ali et al. (2024).

In recent years, artificial intelligence, especially in Natural Language Processing (NLP),
has greatly improved the capabilities of large language models (LLMs). These models can now
perform complex tasks such as reading comprehension, reasoning, and information extraction
with high accuracy Brown et al. (2020); OpenAI et al. (2024). This makes it easier to extract
knowledge from unstructured data, such as PDF datasheets, research papers, or manufacturer
documents.

In battery research, LLMs can help read datasheets, understand specifications, and identify
important parameters. Using LLMs, we can automatically get key information about battery
cells, which is essential for accurate testing and modeling. However, LLMs can sometimes
produce incorrect answers, a problem known as hallucination.

To address this, we propose a method for extracting datasheet information from commer-
cial cells using a dual-LLM approach combined with two prompting techniques. We use a
"Chain of Thought" (CoT) method to guide the LLM step by step on how to extract the needed
information, providing a few example prompts (few-shot prompting) to help the model unders-
tand how to interpret the data. Studies have shown that CoT prompting, even in a zero-shot or
few-shot setting, can significantly improve reasoning and information extraction performance
without any model fine-tuning Kojima et al. (2023); Liang et al. (2023); Lei et al. (2025). To
further reduce hallucinations, we use an ontology that describes all the information that needs
to be collected from the datasheet. This ontology guides the model so that it only generates
triples that follow the defined structure. Thus, our contributions are three-fold :

1. We develop a dual-LLM pipeline for extracting critical information from commercial
battery datasheets. This system leverages both CoT and few-shot prompting techniques
to guide the models step by step, enabling accurate extraction without requiring fine-
tuning.

2. We introduce an ontology-driven approach to reduce hallucinations and ensure that the
extracted information adheres to a structured format.

3. We demonstrate that our approach can handle heterogeneous, multi-language data-
sheets, including those from major Chinese manufacturers, providing a scalable and
automated solution for parsing unstructured datasheet data to support battery testing
and modeling.

2 Related Work
Recent years have witnessed a growing interest in using LLMs to automate the construc-

tion of knowledge graphs (KGs) from unstructured text. Surveys and reviews highlight that
LLM-based approaches often outperform traditional NLP pipelines on tasks such as entity and
relation extraction, event extraction, and knowledge graph augmentation, in some cases even
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reducing the need for labeled data and manual annotation Ibrahim Nourhan (2024); D’Souza
et Mihindukulasooriya (2024). For instance, the method iText2KG demonstrates a zero-shot,
topic-independent pipeline capable of incrementally building KGs from scientific papers, web-
pages, or CVs, with no post-processing required Lairgi et al. (2024). Similarly, KG-GPT shows
that LLMs can perform structured reasoning on KGs by combining sentence segmentation,
graph retrieval, and inference, enabling tasks like fact verification and KG-based question ans-
wering without fine-tuning on each domain Kim et al. (2023). In more domain-specific appli-
cations, such as materials science and manufacturing, recent works have successfully extracted
structured information (from tables or free text) using LLMs to build KGs, demonstrating ap-
plicability even on technical, domain-heavy documents Dreger et al. (2025); Ivanisenko et al.
(2024).

However, these LLM-based KG construction methods also surface nontrivial challenges.
A recurring issue is hallucination : LLMs may generate plausible but incorrect relations or en-
tities when the input is ambiguous or sparse Ivanisenko et al. (2024); Ibrahim Nourhan (2024).
Some works report inconsistent entity/relation resolution and semantic duplication when re-
lying solely on LLM outputs Lairgi et al. (2024). Moreover, domain-specific and technical
documents such as datasheets or scientific publications often contain specialized terminology
and structured data (tables, units, parameters), which complicates automatic extraction. As a
result, hybrid methods combining LLM-based extraction with ontology guided validation or
structured post-processing are increasingly seen as promising, a direction that aligns with our
proposed approach.

3 Methodology
We propose an approach that leverages two LLMs performing complementary tasks. The

first LLM extracts triples from chunks of text obtained from PDF datasheets, which are col-
lected by scraping the websites of major battery manufacturers. The second LLM validates
the output of the first model, checking both the format and the compliance with the ontology
concepts and relationships.

Our approach can be divided into three main components :
— Ontology creation, where we define all relevant concepts and relationships that can

appear in a datasheet.
— Construction of the first LLM prompt, which uses the extracted PDF text, few-shot

examples, and CoT techniques to guide the extraction process
— Construction of the validation LLM prompt, which acts as a “judge” to verify the ex-

tracted triples and ensure they conform to the defined ontology.

3.1 Battery Cell Ontology
The battery cell ontology is designed to systematically represent the information contained

in battery cell datasheets. It captures electrical, thermal, mechanical, safety, and performance
characteristics of individual battery cells, facilitating structured knowledge extraction and ana-
lysis. Inspired by the Battinfo ontology Bat, we propose the ontology shown in Figure 1.

The central entity of the ontology is BatteryCell, which aggregates all relevant informa-
tion about a single electrochemical cell, including its manufacturer, model, electrochemistry,
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BatteryCell

Manufacturer Specification ElectricalProperty ThermalProperty MechanicalProperty SafetyProperty PerformanceProperty Certification

Electrochemistry CellType Material OperatingCondition EnvironmentalCondition

Dimension Mass CycleLife C_RatePerformance

hasModelName

hasNominalVoltage

hasNominalCapacity

hasMinimumCapacity

hasInternalResistance

hasEnergyDensityGravimetric

hasEnergyDensityVolumetric

hasChargeCutoffVoltage

hasDischargeCutoffVoltage

hasOperatingVoltageRangeMin

hasOperatingVoltageRangeMax

hasStandardChargeCurrent

hasFastChargeCurrent

hasMaxContinuousDischargeCurrent

hasPulseDischargeCurrent

hasOperatingTemperatureChargeMin

hasOperatingTemperatureChargeMax

hasOperatingTemperatureDischargeMin

hasOperatingTemperatureDischargeMax

hasStorageTemperatureMin

hasStorageTemperatureMax

hasOverchargeTolerance

hasShortCircuitBehavior

hasPenetrationTestResult

hasCrushTestResult

hasVentMechanismPresence

hasUN38_3Certification

hasIEC62133Certification

hasULCertification

hasSourcePDF

hasDiameter hasWidth hasHeight

hasThickness hasLength hasVolume

hasWeight hasNumberOfCycles

hasEndOfLifeCapacityPercent

hasCycleTestTemperature

hasChargeCRate

hasDischargeCRate

hasCapacityRetentionAtCRate

Solid lines = Object Properties (relationships) | Dashed lines = Data Properties (attributes)

Classes
Data Properties

hasManufacturer hasSpecification hasElectricalProperty hasThermalProperty hasMechanicalProperty hasSafetyProperty hasPerformanceProperty hasCertification

hasElectrochemistry hasCellType hasMaterial hasOperatingCondition hasEnvironmentalCondition

hasDimension hasMass hasCycleLife hasCRatePerformance

FIG. 1 – The proposed battery cell ontology.

mechanical format, and materials. Manufacturer links each cell to the producing company, en-
abling traceability and metadata-based filtering. Electrochemistry defines the chemical system
(e.g., lithium nickel manganese cobalt oxides , lithium iron phosphate, lithium cobalt oxide )
and strongly influences voltage, energy density, cycle life, and safety. CellType describes the
mechanical format (cylindrical, prismatic, pouch). This choice affects thermal and mechanical
behavior.

Specification acts as a grouping concept for all datasheet parameters. It includes Elec-
tricalProperty (voltage, current, internal resistance), ThermalProperty (operating and storage
temperature ranges, thermal limits), MechanicalProperty (dimensions, mass, casing), Safety-
Property (certifications, short-circuit or crush behavior), and PerformanceProperty (cycle life,
C-rate performance). ChargeSpecification and DischargeSpecification define allowable char-
ging and discharging conditions, critical for safe operation and degradation modeling. This
structured design enables automated extraction, validation, and integration of cell-level know-
ledge into a comprehensive knowledge graph.
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3.2 LLM Triple Extraction Using Chain-of-Thought and Few-Shot Promp-
ting

To extract structured knowledge from battery datasheets, we use a combination of CoT
reasoning and few-shot examples. Each prompt provides the model with a concise ontology
summary, a text chunk from the PDF datasheet, and illustrative examples of the desired output.
This allows the LLM to generate meaningful triples without requiring the full ontology file. As
including the full ontology in OWL format would likely consume too many tokens, we instead
provide a concise summary that captures all necessary concepts and their relationships through
object and data properties :

— Classes : BatteryCell, Manufacturer, Specification, ElectricalProperty, ThermalPro-
perty ...

— Object Properties : hasManufacturer (BatteryCell → Manufacturer), hasElectrical-
Property (BatteryCell→ ElectricalProperty)...

— Data Properties : hasNominalVoltage (BatteryCell→ float), hasNominalCapacity (Bat-
teryCell→ float)...

One-Shot Example :

1 Chunk Text: "The 18650 lithium-ion cell
2 has a nominal voltage of 3.6V and a nominal capacity of 3000mAh."
3 Triple:
4 {"Used_text": "The 18650 lithium-ion cell has a nominal voltage of

3.6V
5 and a nominal capacity of 3000mAh",
6 "head": "18650 LithiumIonCell",
7 "head_type": "BatteryCell",
8 "relation": "hasNominalVoltage",
9 "tail": "3.6",

10 "tail_type": "float"}

Prompt Structure :

1 You are a battery datasheet information extraction model.
2 Your task: extract ONLY technical datasheet information.
3 RULES:
4 1. Process text sentence by sentence.
5 2. Map each entity to a class from the ontology summary.
6 3. Use only valid relations (object/data properties).
7 4. Normalize entity names to canonical identifiers.
8 5. Translate any non-English word to English.
9 6. Return ONLY JSON triples aligned with the ontology.

10 Ontology dictionary (classes and relations):
11 {ontology_summary}
12 Few-shot examples:
13 {examples_str}
14 Text to analyze:
15 """ {chunk_text} """
16

17 Return ONLY a JSON array of valid datasheet triples.
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3.3 LLM as Judge : Validation Model
The second LLM in our pipeline acts as a validator for the triples generated by the first

extraction model. Its primary role is to ensure that all output triples :
— Respect the ontology constraints (head type, tail type, and relation must exist in the

ontology),
— Accurately reflect information present in the text chunk,
— Follow the required output format, including keys : Used_text, head (Subject),

head_type, relation (Predicate), tail (Object), and tail_type.
The validator ensures that only meaningful and correct triples describing battery datasheet

information are retained. Specifically, it checks for :
— Electrical properties : voltage, capacity, charge/discharge limits, internal resistance
— Mechanical properties : dimensions, mass
— Materials and components : electrodes, electrolytes, separators
— Cell type and chemistry

Prompt Structure :

1 You are an expert validator for battery datasheet information. Your
task is to strictly validate candidate triples.

2

3 RULES:
4

5 1. Keep only triples that describe technical datasheet information.
6 2. Verify that each entity exists in the text chunk.
7 3. Verify ontology alignment: head_type, tail_type, and relation must

exist in ontology.
8 4. Ignore all non-battery content (authors, references, journals, etc

.).
9

10 Output ONLY a JSON array of objects with keys:
11 "Used_text", "head", "head_type", "relation", "tail", "tail_type"
12

13 Candidate triples:
14 {candidates}
15

16 Text chunk:
17 """ {chunk_text} """
18

19 Ontology dictionary:
20 {ontology_summary}
21

22 Return ONLY the JSON array of validated datasheet triples.

4 Experiments
We used multiple PDF datasheets collected by scraping popular manufacturer websites

(e.g., energy.panasonic...) and fed them into our pipeline to generate triples. We evaluated
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five lightweight models to demonstrate that our approach can provide good results even with
smaller models. The tested models are :

— Qwen/Qwen2-7B-Instruct
— mistralai/Mistral-7B-Instruct-v0.3
— meta-llama/Llama-3.1-8B-Instruct
— Qwen/Qwen3-8B
— openai/gpt-oss-20b
These models are commonly employed in related works. In our approach, we use the same

LLM for both extraction and validation tasks, ensuring that any differences in model perfor-
mance do not influence the evaluation results. The overall pipeline for extracting structured
triples from battery datasheets is summarized in Algorithm 1, where maxnewtokens was set
to 1000 and chunksize to 500.

Algorithm 1 Ontology Extraction Pipeline from PDF

Require: pdf_file, ontology_file, model_name, chunk_size, max_new_tokens
Ensure: Extracted triplets Triplets

1: model← LOAD_MODEL_LLM(model_name)
2: ontology_summary ← SUMMARIZE_ONTOLOGY_FOR_PROMPT(ontology_file)
3: chunks← CHUNK_PDF_TEXT(pdf_file, chunk_size)
4: Triplets← []
5: for chunk in chunks do
6: prompt ← EXTRACT_TRIPLETS_COT_WITH2SHOTS_PROMPT(chunk,

ontology_summary)
7: output← ASK_LLM(prompt, model, max_new_tokens)
8: validation_prompt ← BUILD_VALIDATION_PROMPT(output, chunk,

ontology_summary)
9: validated_output← ASK_LLM(validation_prompt, model, max_new_tokens)

10: Blocks← PARSE_JSON(validated_output) ▷ Empty list if parsing fails
11: Triplets← Triplets+Blocks
12: end for
13: return Triplets

To evaluate the performance of our approach, we perform two types of validation. First, we
assess the quality of the ontology using Competency Questions (CQs). This evaluation checks
whether the ontology contains all necessary elements, such as classes and properties, required
to construct SPARQL queries that can answer the CQs correctly.

Second, we evaluate the quality of the information extracted by the LLM models. This
includes measuring metrics such as the total number of triples extracted and the number of
valid triples per PDF. For this evaluation, we use a human sampling method, which, although
not fast, provides a reliable and thorough assessment of the extraction quality.

4.1 Results
We first evaluated the quality of the proposed ontology using 24 competency questions

provided by battery experts. These CQs are designed to verify whether the ontology contains
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all necessary classes, properties, and relationships to answer practical queries about battery
cells. Table 1 summarizes the questions along with their answerability and explanations on
which ontology elements are used to answer each question.

Q# Competency Question Answerable? Explanation
1 What is the manufacturer of a

specific battery cell ?
Yes Use hasManufacturer linking

BatteryCell to Manufacturer.
2 What is the model name of a

battery cell ?
Yes Use hasModelName of BatteryCell.

3 What is the nominal voltage
and capacity of a battery cell ?

Yes Use hasNominalVoltage and
hasNominalCapacity.

4 What is the internal resistance
of a battery cell ?

Yes Use hasInternalResistance.

5 What is the charge and di-
scharge cutoff voltage?

Yes Use hasChargeCutoffVoltage and
hasDischargeCutoffVoltage.

6 What is the operating voltage
range?

Yes Use hasOperatingVoltageRangeMin
and hasOperatingVoltageRangeMax.

7 What is the standard and fast
charge current ?

Yes Use hasStandardChargeCurrent and
hasFastChargeCurrent.

8 What is the max continuous and
pulse discharge current ?

Yes Use hasMaxContinuous
DischargeCurrent and
hasPulseDischargeCurrent.

9 What are the operating tem-
peratures for charge and di-
scharge?

Yes Use hasOperatingTemperature
ChargeMin/Max and
hasOperatingTemperature
DischargeMin/Max.

10 What are the storage tempera-
ture limits ?

Yes Use hasStorageTemperatureMin and
hasStorageTemperatureMax.

11 What are the physical dimen-
sions of a battery cell ?

Yes Use Dimension class with hasDiameter,
hasWidth, hasHeight, hasThickness,
hasLength, hasVolume.

12 What is the weight of a battery
cell ?

Yes Use Mass class with hasWeight.

13 What materials are used in the
cell ?

Yes Use hasMaterial,
hasCathodeMaterial,
hasAnodeMaterial.

14 What is the electrochemistry of
the cell ?

Yes Use hasElectrochemistry.

15 What type of cell is it ? Yes Use hasCellType.
16 What is the cycle life of the

cell ?
Yes Use CycleLife class with

hasNumberOfCycles,
hasEndOfLifeCapacityPercent,
hasCycleTestTemperature.

17 What is the C-rate performance
of the cell ?

Yes Use C_RatePerformance
class with hasChargeCRate,
hasDischargeCRate,
hasCapacityRetentionAtCRate.
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18 Does the cell have safety
certifications like UN38.3,
IEC62133, UL?

Yes Use hasUN38_3Certification,
hasIEC62133Certification,
hasULCertification.

19 What are the operating and en-
vironmental conditions?

Yes Use hasOperatingCondition and
hasEnvironmentalCondition.

20 Where can I find the source da-
tasheet PDF?

Yes Use hasSourcePDF.

21 Can I query all cells from a spe-
cific manufacturer ?

Yes Use hasManufacturer to filter
BatteryCell instances.

22 Can I query cells with speci-
fic electrochemistry or material
combinations?

Yes Use hasElectrochemistry,
hasMaterial, hasCathodeMaterial,
hasAnodeMaterial.

23 Can I find all cells within spe-
cific voltage, capacity, or C-rate
ranges?

Yes Use numeric data properties
like hasNominalVoltage,
hasNominalCapacity, and
C_RatePerformance properties.

24 Can I find cells with a speci-
fic certification and safety beha-
vior ?

Yes Combine certification and safety properties.

TAB. 1 – Competency Questions used to evaluate the battery cell ontology.

We evaluated the performance of five different LLM models on extracting triples from
five PDF datasheets (Randomly selected). All models processed each PDF, and the number
of extracted triples, as well as validated triples, was manually inspected and verified. Table 2
summarizes the results. It is evident from the results that there are significant differences in

Model p1.pdf p2.pdf p3.pdf p4.pdf p5.pdf
Triples Valid Triples Valid Triples Valid Triples Valid Triples Valid

Qwen2-7B-
Instruct

34 19 117 30 70 13 62 25 70 17

Mistral-7B 7 1 41 6 26 1 13 0 18 0
Llama-3.1-
8B

26 5 120 20 76 16 68 13 66 13

Qwen3-8B 56 29 157 20 81 23 83 31 69 23
gpt-oss-20b 12 7 46 7 21 5 19 2 20 3

TAB. 2 – Results of extracted and validated triples per PDF for each model.

both the number of extracted triples and the number of validated triples across the models. It is
important to note that we applied a strict validation process : any triple containing incomplete
sentences, mischaracterizations, or errors was excluded. Additionally, redundant triples were
not counted ; only unique and correctly formed triples were considered in the final validation.
This rigorous filtering ensures that the reported numbers accurately reflect the quality and
correctness of the extracted knowledge.
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5 Conclusion
In this work, we presented a comprehensive ontology-driven pipeline for extracting struc-

tured information from unstructured battery datasheets using large language models. By com-
bining a dual-LLM approach with Chain-of-Thought reasoning and few-shot prompting, we
provide an effective method for extracting structured knowledge from battery datasheets. Ex-
perimental results on multiple PDF datasheets demonstrate significant differences in model
performance, highlighting the importance of both the extraction strategy and validation step.
Recent models such as Qwen3-8B and Qwen2-7B-Instruct consistently produced more va-
lidated triples, confirming that the combination of modern LLMs and ontology guidance is
effective for technical knowledge extraction.

Future work will focus on developing an automated method to evaluate the outputs of LLM
models, reducing the reliance on manual validation and enabling large-scale, reproducible as-
sessment of extraction quality.

Code Availability
The source code used in this approach is available on GitHub at the following repository :

BatIE-OGLLM.
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Summary
Automatic information extraction from battery datasheets is critical for accurate modeling

and performance management of electrochemical cells. These datasheets, often in unstructured
PDF format, contain essential information that is difficult to exploit automatically. This paper
introduces a full extraction pipeline leveraging a domain ontology and large language models
(LLMs). Our approach uses a dual-LLM pipeline combining Chain-of-Thought reasoning
and few-shot examples to extract structured triples from datasheets. A subsequent LLM-based
validation step ensures ontology compliance and removes duplicates or errors. We evaluate five
LLMs on multiple datasheets and manually verify the extracted triples. Results indicate that
recent models achieve higher accuracy and structural consistency, confirming the effectiveness
of an ontology-driven approach to transform heterogeneous datasheet content into queryable
knowledge.
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