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Abstract

The performance of lithium-ion batteries is strongly determined by material properties,
which are provided in technical data sheets but often in inconsistent formats and termi-
nology. Automated extraction of these parameters could enable downstream applications
such as process optimization, traceability, and hazard assessment. However, current ap-
proaches are unsuitable for industrial use. This work presents a prototype NLP-based
extraction pipeline for material and safety data sheets. Using fine-tuned SpaCy models,
F1-scores above 0.7 are achieved for key parameters such as CAS number, molecular mass,
and density. The resulting structured material database provides a foundation for data-
driven applications in battery cell production. The feasibility of domain-specific NLP for
automated material information extraction is demonstrated and potential pathways for
integration with process control and optimization workflows are discussed.

Keywords: battery cell production; material data sheet; natural language processing;
process optimization

1. Motivation and Objective

The performance of a battery cell depends on a variety of factors, such as the used
materials [1,2]. Beyond major material choices, such as anode type (graphite versus silicon—
graphite) or cathode chemistry (LFP versus NMC), variations within the same material
category affect downstream processes and cell performance [3,4]. Changes in particle
morphology, particle size distribution, and material purity alter mixing behavior and
ultimately determine production yield [5].

Material suppliers already provide relevant material information through safety data
sheets (SDSs) and material data sheets (MDSs). However, extracting and utilizing this
data systematically remains challenging. The MDSs can have a highly customized format
that varies between suppliers and even within a company. In addition to standardized
terms, such as CAS number or density, the core problem is nomenclature heterogeneity.
Identical material properties are referred to by different terms across supplier documents.
For example, the residual moisture content of active material may appear as residual
moisture, remaining moisture, remaining water content, relative humidity, or similar terms.
Furthermore, particle size may be specified as d50, percentile ranges, or size distribution
descriptions. In addition to the variety of names, the placement of information also varies,
whether in continuous text, as a list, or in a table.
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To solve this problem, three solution pathways exist. Cloud-based language models
such as ChatGPT, Microsoft Copilot and DeepSeek theoretically could handle terminol-
ogy variability, but are unsuitable for use in industrial production. Refs. [6,7] identified
trustworthiness concerns with large language models, while [8] highlighted specific data
privacy risks in SDS processing. Commercial on-premises extraction tools perform well
on structured documents such as invoices but fail on documents with heterogeneous
terminology and variable formats. Refs. [9,10] demonstrated that commercial systems
produce incomplete results on less structured documents, and MDSs are substantially more
heterogeneous than the documents these tools were designed to process.

A more viable option is to develop company-specific models based on established
architectures. Named entity recognition (NER), a fundamental natural language processing
(NLP) task that identifies and classifies specific information categories in text, is such an
alternative. The ChemDataExtractor achieved an 87 percent F1-score extracting chemical
properties from scientific publications. Ref. [11] applied BERT-based NER to SDSs and
achieved 93 percent precision for hazard extraction. Ref. [12] demonstrated text mining
approaches for synthesis parameter extraction. These successes suggest NER could ad-
dress MDS processing. However, existing approaches operate on domains with relatively
standardized terminology. Prior work has not systematically addressed the nomenclature
heterogeneity characteristic of uncontrolled material supplier documents to consolidate
paired SDS and MDS documents with their different information structures and comple-
mentary content.

This paper addresses this gap by developing a prototype NLP-based extraction pipeline
for material and SDSs. The primary objective is to demonstrate that fine-tuned NER models
can effectively extract material information from heterogeneous supplier documents despite
terminology variability. The secondary objective is to develop a complete end-to-end pipeline
including PDF text extraction, entity recognition, conflict resolution, and intelligent consol-
idation of paired documents. This work is explicitly scoped as a technical feasibility study
and does not include validation of downstream process optimization applications, integration
with live production systems, or quantification of industrial impact.

2. Background on Natural Language Processing

NLP is an interdisciplinary field combining computational linguistics and artificial
intelligence to enable machines to process human language. The discipline has evolved
from early rule-based approaches to statistical, machine learning-based and, more recently,
neural methods [13]. Modern NLP systems now predominantly employ statistical and
machine learning methods to handle language’s inherent ambiguity and variability [14].

NER represents a fundamental NLP task that identifies and classifies textual references
to real-world entities. NER enhances text understanding by identifying entities such as
persons, locations, or organizations. Essentially, any noun with a proper name constitutes
a named entity. NER aims to determine the token span of such entities and assign them
appropriate labels. Common NER tags include: PER (person), LOC (location), ORG
(organization), and GPE (geopolitical entity). NER can also be extended to expressions like
dates, times, or numerical data (e.g., prices) [15].

This work uses these features to identify melting points, product names, Chemical
Abstracts Service (CAS) numbers and more by training a model for their detection. NER
generally serves as a crucial first step for many NLP applications (e.g., sentiment analysis).
Unlike part-of-speech-tagging (POS-tagging), which identifies word classes, NER adds
semantic information not derivable from a word’s grammatical function alone. This leads to
ambiguous cases (e.g., “JFK” could refer to a person, airport, or school), whereas POS-tags
would remain unambiguous due to grammatical rules [14]. While language-specific models
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exist (e.g., for German [16]), their tags remain limited to persons, locations, and organiza-
tions, necessitating fine-tuning for the additional entities required to be recognized for this
body of work. Alternatives like BILSTM-CNN hybrids are another viable alternative.

2.1. SpaCy’s NER Model

SpaCy [17] is a popular open-source Python library for NLP, offering pretrained deep
neural network (DNN) models for NER, POS-tagging, and text classification. Its efficiency
and robustness make it a standard for practical NLP pipelines. SpaCy v2 furthermore
employs subword tokenization (e.g., splitting impossible into im + possible) and Bloom
embeddings, which reduce memory usage via hash-based vector mapping [18]. SpaCy
models use the BILUO tagging scheme [19], relevant for training data preparation.

2.2. BERT NER Models

BERT’s effectiveness for NER comes from its pretraining fine-tuning paradigm and
bidirectional architecture. The model employs self-supervised learning during initial
pretraining, where it processes large unlabeled text corpora (~3.3 billion words) through
two key tasks [20]:

e  Masked language modeling (MLM): Random tokens (15% of input) are masked and
predicted using contextual information from both directions, forcing the model to
learn deep linguistic representations [20,21].

e Next sentence prediction (NSP): The model determines whether two text segments
appear consecutively in the original corpus, enhancing discourse understanding [20].

Our work uses German BERT (trained on German National Library texts [16]) and
XLM-RoBERTa (pretrained on 2.5 TB of multilingual CommonCrawl data [22]), which
share BERT’s core architecture. Both models share BERT’s core architecture but differ
in pretraining corpora and optimization strategies, affecting their NER performance on
specialized domains. Notably, the XLM-RoBERTa model uses 24 instead of 12 layers of
transformer blocks that each hold 16 instead of 12 multihead attention layers. The hidden
layer is also bigger with a size of 1024 instead of 768 as is the case for the standard BERT
model. This results in a larger model with 550 instead of 100 million parameters [14,22].

3. State of the Art

Building upon the foundational concepts, this chapter shows current NLP applications
in materials science, focusing on information extraction from technical documents. The rise
of pretrained language models like BERT has significantly advanced domain-specific entity
recognition capabilities through fine-tuning approaches [20].

3.1. Information Extraction from Scientific Literature

Scientific publications contain valuable unstructured data that is costly to process manu-
ally. Ref. [23] developed ChemDataExtractor, an automated pipeline combining NLP tech-
niques to identify chemical entities and their properties from PDF documents. The modular
system achieves an Fl-score of 87.11% for chemical NER, demonstrating the feasibility of
automated data extraction despite challenges like information-dense text and structural for-
mula interpretation. Similar tools like OpenChemlE specialize in reaction data extraction from
documents, achieving 64.3% precision for a large variety of chemical literature.

3.2. NLP in Materials Science

Materials science comes with unique NLP challenges due to data heterogeneity and
domain-specific terminology. Olivetti et al. [24] identify key obstacles: (1) decentralized
data production lacking standardized formats, (2) multiscale material descriptions (nano-
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to-macroscopic), and (3) technical jargon requiring specialized models. Kononova et al. [25]
further highlight nomenclature inconsistencies and publication bias favoring positive
results, limiting training data quality. Despite these challenges, successful applications
exist, such as Mahbub et al.’s [12] text mining approach for solid electrolyte synthesis
parameter extraction.

3.3. Safety Data Sheet Processing

While no systems currently process MDS, several approaches exist for chemical SDS.
The SDSParser [26] uses regular expressions for limited manufacturer-specific extraction.
Suman et al. [27] developed a more advanced hybrid system combining BERT-based NER
(precision: 0.931) with computer vision for table extraction from SDS documents. Their
multi-stage pipeline demonstrates the effectiveness of task-specific model architectures.
This review reveals critical research gaps: (1) insufficient labeled datasets in materials
science, (2) no existing solutions for MSDS processing, and (3) the need for specialized
NER models handling technical nomenclature. Our work addresses these challenges by
developing a fine-tuned NER system for automated data extraction from both SDS and
MSDS documents.

4. Methodology

This chapter presents our approach for extracting material property data from SDS
and MDS using fine-tuned NER models. The pipeline comprises four key stages: text
extraction/preprocessing, model architecture/training, parameter optimization, and post-
processing (Figure 1). The individual process stages are explained below.

_______________________ -
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MDS I
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, l

[ MDS
1 |
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Figure 1. Structure for NLP-based extraction of material information from technical data sheets.

4.1. Structure and Training

Two model architectures were employed: SpaCy’s transition-based NER system and
BERT-based transformers. Both models are initialized with German language pretrained
weights (de_core_news_sm for SpaCy, bert-base-german-cased and xlm-roberta-base for
transformers). The original architecture is used, and only fine-tuning is applied to the ex-
isting models. The selection of German language models reflects the fact that material and
SDSs in the European battery manufacturing supply chain are predominantly provided in
German by suppliers in Germany, Austria, and Switzerland. Additionally, the majority of
documents in our training dataset (96 of 160 documents) were in German. English documents
(48 documents) were automatically translated to German during preprocessing to maintain
consistent terminology. While this approach is optimized for German-language documents,
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the methodology itself is language-agnostic. The pipeline can be adapted to other languages
by substituting the language-specific pretrained models with appropriate alternatives.

The models are separately fine-tuned for SDS and MDS processing due to structural
differences between document types. SDSs follow standardized regulatory templates with
defined sections. Material data sheets exhibit highly variable formats and layouts across
different suppliers. Additionally, SDS documents require extensive preprocessing to reduce
text volume by 80 percent (from 26,000 to 3000 characters), whereas MDS documents
in single- or double-page format require minimal preprocessing. These structural and
preprocessing differences motivate separate model training. Training uses a 90/10 data
split, with 144 documents for training and 16 documents for validation. Adam optimization
and dropout regularization are applied. Early stopping prevents overfitting on the dataset
of 59 MDS and 101 SDS files.

4.2. Text Extraction and Preprocessing

PDF documents underwent domain-specific preprocessing, which consists of various
steps (Figure 2). Text was first extracted via pdfplumber with layout parameters set to an
x_tolerance of 2 and a y_tolerance of 4. These parameters control the spatial tolerance for
grouping text elements into lines and words. The values were selected through preliminary
testing to optimize text reconstruction from the digitally created PDF documents in this study:.

Data Preprocessing

Text Extraction Remove irrelevant

A
(pdfplumber), segments, remove header
e Remove formatting SpSiext & footer
Data Sheet (re) (re)
SDS only
text
Identify language text (en Translateto german
(langdetect) (googletrans)

[«
text (de)

Convertto input data
formatfor NER Model Al Model

Figure 2. Process structure of text extraction and preprocessing.

For SDS documents, headers and footers were removed and relevant sections extracted
using regex patterns. This reduces SDS text volume by 80% (from 26,000 to 3000 characters)
while preserving key information. MDS documents do not require shortening due to their
single- or double-page format. All documents in the dataset were digitally created PDFs.
Optical character recognition was not required.

Language identification was performed for each data sheet to ensure uniform input
terminology. The langdetect library was used to detect document language, achieving
100 percent accuracy on both MDS and MDS documents. English language documents
(48 MDS and 48 SDS) were automatically translated to German using the googletrans library.
This translation approach was selected because alternative transformer-based models (such
as Helsinki-NLP, T5, and mBART-50) are limited to 512-token input sequences, which is
insufficient for full SDS documents. Additionally, these models exhibit information loss
in special entity categories such as CAS numbers and hazard classifications. Googletrans
can process texts of arbitrary length with acceptable precision for material nomenclature.
Translation was performed before text cleaning to preserve context and minimize errors.
Some translation errors occur when document layout information is lost; however, these
errors are unavoidable given the constraints of automatic translation and the absence of
sufficient English-language training data to train separate English models.
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4.3. Model Training with Parameter Optimization

The NER models are trained to recognize 10 entity types. These were selected based
on their relevance to electrode slurry mixing process control and regulatory compli-
ance requirements. The entity types are product name (PROD_NAME), manufacturer
name (MANU_NAME), CAS number (CAS), hazard classifications (HAZ), melting point
(MELT_POINT), density (DENSITY), moisture content (MOISTURE), pH value (PH), molec-
ular weight MOL_WEIGHT), and particle size (PARTICLE_SIZE). The available data was
manually labeled by extracting property values directly from each document and entering
them into corresponding cells in an Excel table. This manual approach was selected because
single-annotator labeling with spreadsheet tools is efficient for this dataset size, whereas for-
mal annotation tools such as Doccano or BRAT are more cost-effective for multi-annotator
projects. All document text was searched for each property value. In cases where properties
appeared multiple times or were not present, missing values were flagged as negative one
(negative 1) to enable proper training data creation.

Hyperparameter optimization was performed using Optuna version 4.0.0 with a prob-
abilistic model of the objective function. The optimization direction was set to maximize
Fl-score. The hyperparameter search spaces were defined as follows. The number of
epochs was set to range from 10 to 100. Batch size was fixed at 8 due to the limited size
of the training dataset. The learning rate was optimized in the range from 1 times 10 to
the negative 5 power to 8 times 10 to the negative 5 power on a logarithmic scale, which
is standard practice for BERT models. the dropout rate was optimized in the range from
0.05 to 0.35. Optuna performed 20 trials with pruning enabled to terminate unpromising
trials early and conserve computational resources. The training process applied Adam
optimization for SpaCy models and the standard Huggingface Trainer optimization for
BERT models.

4.4. Postprocessing

The data sheet processing pipeline concludes with three postprocessing steps to
transform raw model predictions into structured material databases. As the NER model
processes entire text sequences, it often makes multiple predictions for the same property
across different sections of a document. To resolve these conflicts, a frequency-based
selection strategy is employed, retaining the entity value predicted most frequently for each
material property. This approach is particularly important for CAS numbers, which may
appear multiple times or resemble similar numerical formats. However, an exception is
made for hazard statements, where all identified instances are consolidated into a single cell
separated by spaces. This reflects the principle that comprehensive hazard documentation
is essential for chemical safety.

The document paring of SDS and MDS is achieved by matching filenames, whereby
an MDS is paired with an SDS if the filenames are identical except the ‘MDS’” suffix and
case are ignored. Paired documents are merged using a hierarchical consolidation strategy,
whereby only empty cells are filled in with values from the complementary document. If
a cell already contains an extracted value, that entry is retained as authoritative, and any
conflicting information from the paired document is discarded. This ensures data integrity
and reduces the risk of information corruption. Once entity resolution and consolidation are
complete, the processed data is structured and exported to a defined format like Excel, with
each row representing a complete material record. This end-to-end architecture enables
the rapid transformation of heterogeneous PDF folders into unified material property
databases. This provides a standardized foundation for downstream analytical and process
control applications, eliminating the need for manual data entry.
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5. Results and Discussion

The NER models are trained to minimize training loss as the primary objective. During
training, both SpaCy models demonstrate convergence behavior, where loss decreases
rapidly in the first 10 epochs and then stabilizes. Figure 3 shows that the F1-score increases
over the training epochs and reaches a plateau around epoch 30 for the SDS model and
epoch 60 for the MDS model. The convergence of both loss and F1-score occurs concurrently,
indicating successful model learning.
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Figure 3. Loss and F1-score of the best SpaCy SDS and MDS models.

When training with small datasets, there is a general risk of overfitting. However, the
absence of data leaks in our methodology mitigates this concern. The validation dataset
is strictly separated from the training set, with no overlap. The F1-score improvements
(see Figure 3) reflect true generalization to previously unknown validation data rather
than the memorization of training examples. The parallel convergence of training loss and
validation F1-score further supports that the models learn transferable patterns rather than
exploiting dataset-specific artifacts.

The F1-scores of the different models are plotted over the trained epochs in Figure 4,
and their corresponding parameter configurations are shown in Table 1. SpaCy models
performed significantly better than BERT and RoBERTa models on the available training
and evaluation dataset, reaching F1-scores of 0.836 and 0.8 (Figure 5). The poor perfor-
mance of the BERT and RoBERTa models is likely due to the small dataset, which limits
effective training and leads to suboptimal learning compared to the SpaCy models. Ad-
ditionally, the task is highly domain-specific, involving specialized, non-standardized
terminology and complex information structures commonly found in material and SDSs.
These characteristics pose challenges for BERT-based models, which are pretrained on
general language corpora and optimized primarily for contextual sentence understanding.
SpaCy’s NER architecture, on the other hand, is better suited for extracting information
from semi-structured documents. It demonstrates higher data efficiency, enabling more
robust learning from smaller datasets.

Table 1. Hyperparameters and F1-score of resulting models.

Model Epochs Trained Learning Rate Dropout F1-Score
SpaCy SDS model 40 1.955 x 10° 0.041 0.836
SpaCy MDs model 75 1.724 x 1072 0.055 0.800

BERT SDS model 66 2.157 x 107 0.050 0.182
BERT MDS model 63 4.451 x 1075 0.063 0.242
RoBERTa SDS/MDS
1 - - - 0
model

1 None of the models achieved an Fl-score greater than zero.
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Figure 4. Fl-scores of all models over training time.
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Figure 5. A comparison of F1-scores for the various NLP models, with SpaCy achieving the highest
F1-score for both SDS and MDS.

The SpaCy NER models achieved a good Fl-score, considering that in the compari-
son by Vychegzhanin and Kotelnikov [28], the evaluated models for the standard labels
achieved a maximum F1-score of 0.887. In particular, the SpaCy NER model was tested as
part of this comparison and for the labels PER, LOC, and ORG, the labels together resulted
in an Fl-score of 0.597. The stagnation of the F1-score can be explained by the reduction in
new information that can be learned from the training data.

For the entire pipeline, the evaluation metrics for the resulting table of data sheet
information are defined as follows:

e  True positive (TP): cells in the actual output that contain the same (correct) value as
the corresponding cells in the desired output;

e  False positive (FP): cells that are empty in the desired output but contain a value in the
actual output as well as cells of the actual output table that contain the wrong value;

e  False negative (FN): cells that contain a value in the correct output but are empty in
the actual output;

e  Truenegative (IN): cells that are empty in both the desired output and the actual output.

Using BERT and RoBERTa models in the final extraction pipeline did not yield an
F1-score greater than zero. The complete system using the SpaCy NER model for SDS and
MDS results in an F1-score of 0.693 (0.844 cells are considered correct, which vary in format,
and each hazard classification is considered a separate cell).
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There were differences in how well different entities were recognized (Table 2 and
Figure 6). The system performed best on extracting CAS numbers, presumably due to their
frequency in the training data and strict format. The molecular weight and density were also
extracted reliably, with an Fl-score of 0.833 and 0.8. While CAS numbers follow their unique
two-dash format, molecular weight and density both have unambiguous units that are used
nowhere else in the document. If entities did not follow a unique or even a uniform format,
extraction was less reliable, having the worst Fl-scores for melting point, moisture content
and particle size. In addition to the format of the entities of these classes varying, there were
only a few entries for these entities in the training data. This poses a significant challenge. A
very large dataset with thousands of material data sheets is expected to improve the model’s
performance. However, due to limited access to material data sheets from a small number of
suppliers, the training data set was relatively small. Nevertheless, it was demonstrated that a
pipeline for information extraction could be developed for material data sheets with a very
heterogeneous structure and that it achieved good performance for parameters with clearly
defined formats and/or unique identification features.

Table 2. System performance using the SpaCy NER model.

TP FP FN TN Frequency Precision Recall F1-Score
PROD_NAME 8 2 4 0 14 0.8 0.667 0.727
MANU_NAME 7 3 3 1 13 0.7 0.7 0.7
CAS 13 1 0 0 14 0.929 1 0.963
HAZ 3 6 0 5 10 0.33 1 0.5
MELT_POINT 0 0 9 5 10 0 0 0
DENSITY 6 3 0 5 9 0.667 1 0.8
MOISTURE 0 0 3 11 4 0 0 0
PARTICLE_SIZE 0 0 1 13 2 0 0 0
PH 2 0 2 10 5 1 0.5 0.667
MOL_WEIGHT 5 0 2 7 8 1 0.714 0.833
1 [[® Fi-Score & Precision ® Recall
1.0 H - = = * *
0.9 :
o8] o . *
074 e + P
0.6 -
0.5 1 ] ]
0.4
0.3 L4
0.2 4
0.1
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& &\‘@ & &S e@\é g g (o\o‘{\
g GO FE S
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Figure 6. System performance using the SpaCy NER model for different entity types.

The domain-specific, NLP-based extraction pipeline shows that it is possible to extract
information from unstructured data sheets. However, there are still limitations that require
further research.

Several important limitations of the current work should be noted. The training dataset
is small, comprising only 160 documents from a limited number of suppliers. This is primarily
due to NDAs and intellectual property protections forced by material suppliers, resulting in a
small dataset of publicly available data sheets. The size constraint directly impacts extraction
performance for entities with low frequency in the training data, like melting point, moisture
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content, and particle size. These entities appear infrequently in the available documents and
exhibit high terminology variability across suppliers. Addressing this limitation would require
access to thousands of material data sheets from diverse suppliers. Such datasets are rarely
available due to the proprietary nature of supplier documentation.

The extraction performance for SDS documents is preprocessing-dependent. The text
extraction and section-filtering process (reducing SDS documents by 80 percent) must be
executed without error for the NER model to function effectively. If preprocessing fails to
preserve relevant information or incorrectly removes important sections, the downstream
entity recognition will suffer. Different SDS formats from different suppliers require
customization of the preprocessing regex patterns. This makes the system less universally
applicable than a format-agnostic approach would be.

Integration with existing manufacturing systems remains entirely future work. Extracted
data must flow seamlessly into material specification databases, production planning systems,
and quality management systems. This integration requires close collaboration between data
science teams and manufacturing engineering teams. The technical infrastructure for such
integration does not currently exist in most battery manufacturing facilities.

A hybrid human-in-the-loop approach is recommended for initial deployment rather
than fully automatic decision-making. Operators would review and verify extracted values
before those values influence production decisions. This staged approach reduces risk
during the period when the system’s reliability is still being established in real produc-
tion environments. As the system demonstrates consistent performance over time, the
verification burden could be gradually reduced.

Most critically, validation studies in actual manufacturing environments remain essen-
tial. This work demonstrates that automated extraction is technically feasible but does not
demonstrate that extracted material data actually improves production outcomes. Pilot
studies are needed to confirm that better material data translates to measurable benefits
such as reduced scrap rates, improved cycle time, or improved electrode quality. Without
such validation, the business case for deployment cannot be established.

6. Potential Future Industrial Applications of NLP-Based
Information Extraction

The extraction pipeline developed in this work provides a structured data foundation
for several industrial applications in battery manufacturing. It is important to note that
this study focuses on demonstrating the technical feasibility of automated extraction.
The downstream integration with production systems and validation of actual process
improvements remain. This section outlines promising application directions for future
work based on the extraction performance achieved in this work.

The greatest potential is seen here in process control and optimization, battery passport
and traceability, and root-cause analysis, as these actively contribute to either regulatory
requirements being met (battery passport) or cost savings and process optimization being
achieved. These factors should not be underestimated, particularly during the start-up
phase of a production line. High scrap rates, long ramp-up times, financing bottlenecks
and cost overruns can all pose a threat to the economic success of a battery cell factory. This
has been the case for some European companies [29].

6.1. Supplier Quality Management and Hazard Documentation

A primary opportunity lies in automating supplier quality management. The system
reliably extracts CAS numbers with 92.9 percent precision and 100 percent recall (F1-score 0.963,
Table 2). This high reliability enables the automated compilation of supplier material catalogs
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without manual verification. Similarly, density extraction achieved an Fl-score of 0.8 (Table 2),
providing reliable capture of this critical parameter for batch specification comparison.

Extracted material parameters can quantify deviations from internal specifications and
historical baseline values. Manufacturers could compare incoming material batches against
specification ranges to detect inconsistencies between suppliers or between shipments from
the same supplier. For example, particle size distribution could be automatically extracted
and compared against tolerance ranges to flag non-compliant material before production.
This enables data-driven decisions regarding material suitability without manual inspection
of each data sheet. Quality indicators become machine-readable and directly comparable
across documents.

Hazard classification extraction achieved 100 percent recall, meaning all hazard state-
ments present in documents were identified. In a future implementation, this capability
could automatically aggregate hazard information from multiple supplier documents for
consolidated safety reviews. The system could flag material batches with critical hazards
before processing starts. However, the current 33% precision indicates that false positives must
be addressed before production deployment. This would require either improving model
performance or implementing human-in-the-loop verification for hazard classifications.

6.2. Process Control and Batch-Specific Optimization

Automated extraction of material parameters enables future process simulation ap-
plications. The system extracted density and molecular weight reliably (F1-scores 0.8 and
0.833, respectively). These parameters could replace nominal supplier values in physics-
based mixing simulations or hybrid data-driven models. Batch-specific simulation would
enable operators to anticipate process deviations before they occur. However, several
conditions must be met before real-world deployment. Integration pathways with man-
ufacturing execution systems must be developed. Cost—benefit analysis should quantify
whether automation reduces manual material specification effort sufficiently to justify
implementation. Most importantly, validation studies with actual production data are
required to confirm that extracted parameters actually improve mixing behavior or reduce
scrap rates.

6.3. Requlatory Compliance and Battery Passport

Starting in February 2027, the European Battery Regulation will mandate digital battery
passports documenting material origin and properties. Structured material data from auto-
mated extraction could provide the foundation for these regulatory documents. Our system
successfully extracts material property values in a consistent format, eliminating the current
manual compilation of information scattered across heterogeneous supplier documents. These
structured material descriptions can then be integrated into digital process models, enabling
automatically generated material profiles and allowing for the determination of the required
values for the battery passport at the cell, module, and pack levels.

6.4. Root-Cause Analysis and Traceability

The extraction pipeline also provides a foundation for root-cause analysis by enabling
the systematic linkage of supplier material parameters with production outcomes. For quality
management, extracted parameters could enable automated comparison of incoming material
batches against specification ranges. Manufacturers can identify how specific variations affect
mixing behavior, slurry stability, coating uniformity, or electrode adhesion. Common defects
such as poor wetting or delamination can be traced back to deviations in material properties
documented in supplier data sheets. For knowledge management, structured material data
enables rapid searching and comparison of materials with specific characteristics.
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7. Conclusions

Material properties play an important role in battery cell production, as variations in
characteristics such as particle morphology, size distribution, or purity can significantly
affect downstream processes and cell quality. Extracting this information from supplier
documentation remains a significant challenge. The core problem is nomenclature hetero-
geneity. Identical material properties are referred to by different terms across documents,
making manual compilation of material specifications time-consuming and error-prone.
Standard extraction approaches such as cloud-based language models and commercial
tools are unsuitable for industrial battery cell production. This is because there are concerns
regarding security, privacy, and data management. These methods are also not specialized
enough to address the specific challenges at hand.

This paper addresses this gap by presenting a prototype NLP-based extraction pipeline
specifically designed for heterogeneous supplier material and SDSs. This work is explicitly
scoped as a technical feasibility study. The pipeline uses fine-tuned SpaCy models to
transform unstructured PDF documents into structured material databases. Key parameters
such as CAS numbers, molecular mass, and density are extracted with Fl-scores above
0.7, demonstrating technical feasibility. The system achieves 92.9% precision for CAS
numbers and 100% recall for hazard statements. These results show that domain-specific
NER models trained on small datasets can effectively handle the nomenclature variability
characteristic of supplier documentation.

The pipeline demonstrates several important findings. First, SpaCy outperforms
larger transformer-based models on this domain-specific task with small training datasets.
Second, structured entity extraction is achievable for properties with consistent formats
and terminology. Third, parameters with variable formats or low training data frequency
require substantially larger datasets to achieve reliable performance. Fourth, the complete
end-to-end system provides a practical foundation for downstream applications despite
these performance variations.

The structured material database created by this pipeline provides the data foundation
necessary for data-driven approaches to battery manufacturing. By eliminating manual
compilation of supplier information and providing machine-readable material properties,
the system addresses a fundamental bottleneck in current production systems. While
significant work remains to be done before full production deployment, this study demon-
strates that automated extraction of material information from heterogeneous documents
is both technically feasible and industrially valuable. The approach offers manufacturers a
pathway toward data-driven decision-making based on supplier material documentation,
with the potential to improve process stability, reduce scrap rates, enhance regulatory
compliance, and enable more efficient resource use in battery cell production.

Advancing the model application toward production deployment requires addressing
current limitations. Low-frequency entities require expanded training datasets. Preprocessing
dependencies must be resolved through format-agnostic approaches. Integration with manu-
facturing execution systems must be developed. Human-in-the-loop verification should be
implemented initially. Most importantly, pilot studies in real manufacturing environments
must validate that extracted material data translates to measurable production improvements.
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