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Composition labels on consumer products serve as an essential source of information
for consumers in making purchasing decisions and for producers in ensuring
regulatory compliance. However, manual reading of labels is prone to errors due to
small font sizes, blurred images, low resolution, and perspective distortion, which
reduce the accuracy of information recognition. This issue becomes increasingly
critical as many label compositions contain ingredients associated with metabolic
diseases, such as added sugar, artificial sweeteners, and carbohydrates, whose risks
are well-documented in epidemiological literature. While numerous systematic
reviews have addressed OCR and NLP in document intelligence, no prior review has
systematically mapped the integration of OCR robustness, BERT-based semantic
extraction, and food label-specific challenges in the context of multilingual
Indonesian consumer products. To address this gap, this study conducts a Systematic
Literature Review (SLR) following PRISMA guidelines, synthesizing recent
advances in Transformer-based OCR and BERT-based NLP for consumer product
label analysis. The review aims to map OCR performance under real-world
conditions, identify best practices in preprocessing and post-correction, and evaluate
end-to-end integration with BERT for semantic understanding of label compositions.
The expected outcome is a theoretical contribution in the form of an integrative
OCR-BERT framework proposal, along with practical design recommendations for
future systems aimed at supporting nutritional literacy and informed consumer
decision-making. Empirical validation of the proposed framework remains a
direction for future research.

This is an open access article under the CC-BY-SA license.

l. INTRODUCTION

Consumer products are widely available in the community
to meet consumer needs, prompting businesses to create
products that align with consumer demands. One of the
strategies employed by producers is the use of labels to attract
consumers in purchasing their products [1], [2]. Labels
provide essential information regarding product content,
brand, and expiration date, which are regulated by the
Indonesian National Agency of Drug and Food Control
(BPOM). These regulations must be complied with by
businesses to meet the established standards [3]. Labels
appear in various forms, such as nutrition facts and ingredient
composition. This information is required by consumers when

making purchasing decisions [4]. Nutrition facts play an
important role in providing product information and raising
consumer awareness about nutritional intake, which in turn
may influence consumer behavior [5], [6]. Consequently,
health-conscious consumers have emerged who carefully
consider product composition in their consumption patterns.
Nutrition facts label also contain detailed information on
product composition in accordance with regulations set by
BPOM RI [7]. Composition refers to the ingredients used in a
product, including the names of substances and their
quantities per package. As consumers become increasingly
aware of their health, composition has a direct impact on
consumer behavior toward a product [8], [9], [10]. Thus,
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composition labels hold particular importance for consumers
when evaluating products.

The selection of appropriate composition benefits not only
consumers but also producers. Consumers become more
health-aware, while producers can develop products that meet
consumer needs and maintain product quality. Appropriate
ingredient selection directly affects both product quality and
competitiveness [11], [12]. Therefore, composition influences
not only consumer health but also the overall quality and
market performance of a product. Increased awareness of
ingredient selection encourages more prudent use of chemical
substances. The chemical composition of a product can
significantly influence its nutritional value [5], [6], [13], [14].
Since health is a crucial factor in society, greater awareness
of food composition supports the creation of a healthier
population in Indonesia.

Ultra-processed foods (UPF) circulating in the Indonesian
market are identified through their composition labels. This
issue is particularly relevant in the Indonesian context, where
the prevalence of diabetes among adults has increased from
6.9% in 2013 t0 10.9% in 2018 [15], with more recent national
health surveys confirming a continued upward trend to 11.3%
in 2023, driven by aging, obesity, and risky dietary patterns
[16]. Epidemiological evidence further suggests that high
consumption of ultra-processed foods (UPF) is associated
with increased risk of type 2 diabetes, with each 10% increase
in UPF consumption raising the risk by approximately 15%
[17]. Consumption of UPF exceeding 10% of total dietary
intake is associated with a higher incidence of diabetes,
including gestational diabetes [18]. Biological mechanisms
highlight that additives such as monosodium glutamate
(MSG) and phosphate compounds exacerbate oxidative
stress, lipogenesis, insulin  resistance, and vascular
complications related to diabetes [19]. Individuals with type
2 diabetes tend to restrict their consumption of UPF compared
to non-diabetic individuals, reinforcing the association
between reduced processed food intake and better disease
management [20]. Additionally, inadequate fruit and
vegetable consumption further increases the incidence of type
2 diabetes in the population [15]. These findings underscore
the importance of monitoring composition labels on consumer
products, as unhealthy dietary patterns and high UPF
consumption are directly associated with the rising burden of
diabetes in Indonesia.

Composition labels provide crucial information; however,
manual reading at scale is prone to errors due to small font
size, blurred text, low resolution, and perspective distortion,
all of which hinder consistent character recognition. These
conditions reduce recognition accuracy and demand
preprocessing strategies as well as recognition architectures
that are robust to noise and text variability [21], [22]. The
limitations of manual recognition make it difficult for
consumers to identify added sugar, sweeteners, and sodium
that are associated with metabolic diseases such as diabetes.
Therefore, automated text extraction from labels using OCR

designed for non-ideal conditions is necessary to ensure
reliable nutritional analysis [21], [22], [23].

Advances in OCR offer a solution through encoder—
decoder models that integrate image transformers and text
transformers, achieving strong performance on printed text,
handwriting, and scene text without complex pre- or post-
processing, while being relatively easy to extend to
multilingual contexts. The architecture converts images into
patches and generates wordpieces that align with text
analytics, reducing mismatches between OCR outputs and
NLP tokenizers. This design also provides greater robustness
against visual variations [24], [25], [26]. OCR thus not only
improves the accuracy of label reading but also enables
automated screening of food compositions that may
contribute to diabetes risk.

Text extraction further introduces challenges in semantic
understanding, as chemical names, abbreviations, synonyms,
and additive functions often appear in short but contextual
phrases, such as “sodium benzoate — preservative”. Classical
statistical methods often fail to capture such meaning. BERT
is highly relevant due to its bidirectional contextual
representation, which makes models more sensitive to word
relationships within short descriptions. BERT is not only
applicable for ingredient extraction or additive categorization
but also for identifying terms associated with sugar, artificial
sweeteners, or saturated fats, that are factors contributing to
diabetes risk [21], [27], [28].

Modern OCR is evolving from Convolutional Recurrent
Neural Network (CRNN) pipelines toward end-to-end
Transformer-based architectures that combine image
encoders with text decoders, reducing the need for hand-
crafted processing and external language models. In the
context of composition labels, encoder—decoder models
perform well on small text, varied fonts, and complex
backgrounds, supported by global self-attention to overcome
the limitations of local receptive fields in earlier approaches.
Lightweight  preprocessing  (contrast ~ enhancement,
deblurring, adaptive resizing) and data augmentation
strategies enhance robustness under real-world conditions,
such as blur, low contrast, and perspective distortion.
Transformer-based OCR thus provides a strong foundation
for extracting composition text from label images of
suboptimal quality [23], [24], [25], [26].

Once text is extracted, the challenge shifts to semantic
understanding, namely identifying ingredient names, additive
functions, allergens, and risk indicators from short, contextual
phrases. BERT provides bidirectional contextual embeddings
that capture word meaning from both left and right contexts,
offering higher accuracy for named entity recognition and
functional  classification than traditional statistical
approaches. In practice, BERT is often combined with
sequential layers to model token dependencies, consistently
improving precision in real-world text tasks. This approach is
particularly relevant for chemical composition analysis since
synonyms, abbreviations, and alternative names (e.g., natrium
bikarbonat and sodium bicarbonate) represent the same
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substance, but product labels may vary in terminology [21],
[27], [28].

Although access to composition labels has become easier,
no comprehensive review has systematically mapped OCR
robustness in recognizing small, blurred, and low-contrast
label text, along with preprocessing practices and BERT
based NLP strategies for chemical terminology mapping,
entity extraction, and functional classification in the
Indonesian consumer product context, which involves
multilingual and diverse packaging [22], [23], [28]. This gap
is critical given that consumer product labels often contain
compositions related to metabolic diseases, particularly
diabetes, including total sugar, artificial sweeteners, and
sodium. Therefore, this study aims to review and analyze
findings on the performance and limitations of OCR under
real-world conditions, as well as evaluate end-to-end
integration schemes with BERT based NLP. The expected
outcome is not only a mapping of the most relevant methods
and datasets but also design recommendations for an OCR-
and BERT based chemical composition analysis system
capable of supporting automated screening of diabetes-related
ingredients through a web application.

Il. METHOD

This paper adopts a Systematic Literature Review (SLR)
methodology to identify, categorize, and synthesize relevant
research on the use of OCR and NLP for consumer product
label analysis, following the PRISMA (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses) guidelines
to ensure transparency and methodological rigor, as
illustrated in Figure 1. The methodology comprises three key
steps: defining research questions, conducting a systematic
database search, and applying predetermined inclusion and
exclusion criteria to select the final studies.

A. Research Questions

The Research Questions (RQs) provide the necessary
focus and direction for this systematic review. They are
formulated to directly address the research gaps identified in
the Introduction and guide the entire process of searching,
filtering, and synthesizing the literature. The three RQs for
this study are presented in Table I.

TABEL |
RESEARCH QUESTIONS AND MOTIVATIONS

perspective)? to ensure the reliability of the

subsequent NLP analysis.

RQ2-What is the role of
BERT-based Natural
Language Processing (NLP)
in enhancing semantic
understanding, particularly for
the extraction of chemical
entities, synonyms, and the
functional classification of
ingredients within consumer
product composition texts?

Chemical and ingredient names
on labels contain high semantic
ambiguity (synonyms,
abbreviations, multilingual
variations). BERT's capability
for bidirectional contextual
embedding is essential to
accurately map these entities and
their functions, which traditional
statistical NLP methods often
fail to do, thus providing the
necessary nutritional clarity.

RQ3-How can an integrated
OCR and BERT-based NLP
system be applied to
consumer product labels to
identify ingredients linked to
metabolic diseases (e.g.,
diabetes), thereby supporting
informed nutritional choices?

There is a critical gap in
translating raw label data into
actionable health intelligence.
This question justifies the entire
research, demonstrating the
practical utility of the integrated
OCR-BERT pipeline in
automatically screening
ingredients (like sugar, sodium),
directly connecting product
consumption to a major public
health concern (diabetes risk).

To ensure the relevance and quality of the selected articles,
a set of inclusion and exclusion criteria was established prior
to the screening process. These criteria guided the assessment
of all retrieved articles across the four screening stages and
are summarized in Table II.

TABEL Il
INCLUSION AND EXCLUSION CRITERIA

Research Question Motivation

RQ1-How effective are
modern OCR methods,
specifically Transformer-
based architectures, in terms
of performance and
limitations when extracting
text from consumer product
labels under real-world
conditions (i.e., small, blurry,
low-contrast text, and variable

Extracting text from non-ideal
label images (small, distorted,
blurred) is the primary technical
bottleneck in automating
consumer product analysis.
Investigating Transformer-based
OCR is crucial as it represents
the current state-of-the-art
solution for robust scene text
recognition, which is necessary

Domain Inclusion Criteria Exclusion Criteria
Technolog | Studies applying | Studies using only
y Transformer-based or | traditional OCR
Encoder-Decoder OCR | without deep learning
architectures, and | advancement, or
BERT-based NLP for | general NLP unrelated
semantic to label or chemical
understanding, NER, | entity extraction
or text classification
Application | Studies focusing on | Studies on unrelated
product labels, | domains such as license
food/drug packaging, | plate recognition or
or scene text with | historical handwriting
similar characteristics
(small,  blurred, or
distorted text)
Document Primary research | Editorials, white
Type published in peer- | papers, books, blog
reviewed journals or | posts, or non-primary
conference sources
proceedings
Publication | Articles published | Articles published
Year between 2019-2026 before 2019
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Language Articles written in | Non-English articles TABEL IlI
English NUMBER OF RETRIEVED STUDIES
Accessibilit | Full text accessible Abstract-only or NoO Search Database Results
y i _ |nacc_eSS|bIe fqll text 1 ScienceDirect 702
Duplication (LjJnlth)ue articles  per (IjDulecate entries across 2 IEEE Xplore 233
atabase atabases 3 Scopus 146
Total 1,081

B. Searching Process

The literature search was conducted in October 2025 across
three prominent academic databases to ensure a
comprehensive and systematic collection of relevant articles.
These databases, namely IEEE Xplore, ScienceDirect, and
Scopus, were selected for their high coverage of computer
science, engineering, and medical technology literature. To
capture the latest advancements in deep learning and Al, the
search was strictly limited to articles published between 2019
and 2026.

To ensure that the search results are highly relevant to the
integrated research questions (OCR, BERT-NLP, and health
risk), a modular and highly specific search strategy using
Boolean operators was employed. The search was structured
to capture both the core technological and the application
domain.

The search queries were executed in two main modules to
maximize capture of relevant studies:

i. ("Optical Character Recognition" OR OCR) AND
("Natural Language Processing” OR NLP) AND (BERT
OR Transformer)

ii. ("Chemical Composition" OR "Ingredient Analysis" OR
"Food Label") AND (OCR OR NLP) AND (Health OR
Risk OR Diabetes)

Those queries aim to ensure that articles focusing on either
the state-of-the-art architecture or the specific application of
extracting health-related ingredients are captured for the
subsequent screening process.

C. Result Finding

The final set of articles for review was selected through a
rigorous, multi-stage filtering process based on the
predetermined inclusion and exclusion criteria. This
structured process ensures transparency and consistency,
progressing from broad search results to a specific. The
screening process was executed in four distinct stages,
aligning with the principles of the PRISMA framework:

1. Stage 1: The initial systematic search across the three
databases (ScienceDirect, IEEE Xplore, and Scopus)
yielded a cumulative total of 1,081 articles (822 from
Query 1 and 259 from Query 2) as shown in Table Il1. This
stage applied database-level filters to select only Research
Acrticles (Journal and Conference Papers) and articles
published between 2019 and 2026. All 1,081 retrieved
articles were then consolidated for the subsequent
duplication check.

2. Stage 2: All 1,081 articles retrieved from the search
executions were consolidated and imported into a
reference management tool. Automated and subsequent
manual procedures were executed to identify and remove
all cross-database and intra-database duplicate entries.
This critical step resulted in a consolidated list of 939
unique articles ready for relevance screening.

3. Stage 3: The remaining 939 unique articles were critically
assessed based on their titles and abstracts against the full
set of Inclusion and Exclusion Criteria. This process
focused on excluding studies not clearly relevant to the
core technologies (OCR/NLP/BERT) or the specific
application domain (chemical entity extraction/health
risk). A total of 798 articles were excluded during this
relevance screening round.

4. Stage 4: The remaining 141 articles proceeded to the full-
text screening stage. Each article was read in-depth to
confirm its final eligibility, ensuring the study presented
relevant primary data and directly addressed the research
questions. Atotal of 113 articles were excluded during this
final stage.

HRecords (dentifliad through

database searching
{n=1,081)

£
2
™
3
5
o
3

Y

duplication
(n=938)

Screaning

Records after remove Hacords excluded
n=142)

Y
Records after screening the
title and abstract
n=141)

Y

Final synthesis included
(n=23)

Figure 1. Article Selection Process (PRISMA Flow Diagram)

Eligibility

Records axcluded
(n=728)

Included

The remaining 23 articles proceeded to the full-text
screening stage and were selected for the comprehensive data
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synthesis and review. These articles form the basis for
answering the research questions in the following chapter.
Table IV shows the result of the filtering process. A
comprehensive flowchart illustrating the article selection
process is provided in Figure 1 (PRISMA Flow Diagram).

TABEL IV
RESULT OF FILTERING PROCESS
No Publication # of Article
1 Q1 Journal 10
2 Q2 Journal 3
3 Q3 Journal 2
4 Conference Proceeding 8
Total 23

I11. RESULT AND DISCUSSION

A. OCR Robustness and Noise Mitigation

This section synthesizes the necessary solutions for
robustly extracting text from low-quality, real-world images
of consumer product labels, directly addressing the
performance challenges and noise mitigation required by
RQL. The findings confirm that reliable extraction demands a
multi-stage approach, integrating specialized architectural
design with contextual refinement.

The fundamental shift in OCR state-of-the-art is defined by
the move toward highly efficient, non-recurrent Transformer
architectures, marking a critical departure from traditional
CRNN pipelines that rely on hand-crafted feature engineering
and struggle with geometric text variations. Foundational
models such as TokenOCR overcome model weight
limitations while outperforming established benchmarks
including Tesseract and TrOCR [29], and DTrOCR further
simplifies the pipeline through a single-stage decoder-only
design that surpasses current SOTA across printed,
handwritten, and scene text [30], demonstrating consistently
lower CER and WER while eliminating the need for separate
language models. To achieve robust detection under irregular
conditions, multimodal information fusion and multi-task
optimization further suppress feature misalignment and
information redundancy [31]. This quantitative superiority
and reduced architectural complexity collectively justify the
adoption of Transformer-based OCR as the foundation for
consumer product label analysis systems.

Empirical assessment confirms that raw OCR output is a
major bottleneck and that a post-correction phase is
mandatory for extraction accuracy. Research explicitly shows
that OCR noise poses a significant obstacle to language
modelling [32], causing models to sharply diverge from their
noiseless targets. This degradation is mitigated by utilizing
advanced contextual models. The two-step pipeline of
applying transformer models (such as BERT) for post-
processing is crucial for text post-processing [33], effectively
correcting mistakes and improving the overall quality of the
text. This strategy is validated by approaches like the MLM-
BERT for Hindi [34], which addresses errors from the

inflectional nature of language, achieving a measurable
3.58%-word accuracy improvement. Furthermore, highly
generalized frameworks like the Learning with Noisy and
Pseudo Label (LNPL) framework are explicitly designed to
manage uncertainty and noisy data through joint learning on
clean and noisy samples, proving to be robust and consistently
outperforming alternatives [35].

To ensure the highest quality input for the OCR system,
effective pre-processing is an essential first stage. The
challenge of images captured in non-ideal conditions (e.g.,
extremely low-light text images) is addressed by Supervised
Deep Curve Estimation models, which notably outperform
state-of-the-art metrics on low-light datasets [36]. Even in
standard environments, OCR often struggles with imprecise
stroke edge extraction and the limitations of conventional
convolutions. This issue is overcome by advanced techniques
like Gated Convolutions-based Document Binarization
(GDB), which successfully outperforms SOTA across all
metrics on average by refining the visual features at the stroke
level [37].

In the specific context of consumer product labels, OCR
accuracy is further influenced by a combination of real-world
factors that compound recognition difficulty. Multilingual
label text, particularly the Indonesian-English mix common
in local markets, introduces additional variability in character
sets and tokenization. Label design factors such as small font
sizes in nutrition tables, low-contrast printing on reflective
packaging, and irregular text layouts create conditions that
consistently degrade traditional OCR performance.
Environmental factors during image capture, including
varying store lighting, perspective distortion from handheld
photography, and motion blur, further reduce recognition
accuracy. These compounding challenges reinforce the
necessity of the multi-stage approach synthesized in this
review, where robust pre-processing, Transformer-based
recognition, and BERT-based post-correction collectively
address the full spectrum of real-world degradation
encountered in consumer product label analysis.

Collectively, the synthesis confirms that the challenges
inherent to real-world label images are mitigated through a
three-pronged technological strategy: adopting transformer-
based foundational architectures for core recognition,
leveraging BERT/MLM maodels for linguistic post-correction,
and utilizing specialized deep learning for visual pre-
processing. This multi-stage approach successfully validates
the requirements set forth in RQ1, establishing a highly robust
output text necessary for the subsequent phase. The
effectiveness of this initial pipeline, however, is merely a
prerequisite; the true utility of the extracted text hinges on the
capacity of Natural Language Processing (NLP) models to
accurately interpret its semantic meaning and extract value-
added entities, which is addressed in detail in the following
section. Table V shows the synthesis of key methodologies
for OCR robustness.
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TABEL V
SYNTHESIS OF KEY METHODOLOGIES FOR OCR ROBUSTNESS

No | Methodology Key Metric Article
Contribution
1 Transformer- | Outperforms Tesseract and [29],
Based TrOCR on standard [30],
Foundational | benchmarks; DTrOCR [31]
OCR surpasses SOTA across
printed, handwritten, and
scene text
2 Contextual 3.58% word accuracy [32],
Post- improvement (MLM-BERT); | [34],
Correction significant reduction in [35]
downstream model
degradation
3 Vision-Based | Outperforms SOTA on low- [36],
Pre- light and binarization [37]
processing benchmarks

B. Semantic Entity Extraction and Contextual Refinement

This section synthesizes the empirical evidence
demonstrating the function and measured efficacy of BERT
and Large Language Models (LLMSs) in enhancing precision
by transforming unreliable OCR output into structured,
semantically coherent entities, which directly addresses RQ2.
The analysis confirms that Transformer-based architectures
are essential for achieving the semantic understanding
required for accurate entity extraction, particularly when
dealing with domain-specific terminology and complex
document layouts.

The superiority of Transformer-based models is evident in
the challenging clinical domain. Advanced architectures
integrating BERT embeddings with sequential models like
Bi-LSTM and CRF [38], [39] are the standard for high-
performance Semantic Entity Extraction. For Chinese
biomedical texts, this combination achieved a state-of-the-art
F1-score of 82.1% [39], significantly outperforming previous
methods. Even for complex tasks like classifying medical
chief complaints based on hierarchical descriptions, models
employing BERT and Hierarchical Relational Networks
(HRNA) demonstrate strong reasoning capabilities, achieving
a Macro-F1 score of 62.35% [38]. These results underscore
the necessity of contextual embeddings provided by BERT
for interpreting nuanced medical language.

Beyond clinical text, the models demonstrate high efficacy
on semi-structured documents analogous to product labels.
For extracting information from research articles, Layout-
MetaBERT achieved the highest Fl-score at 93.6% [40]
compared to other BERT variants, highlighting the benefit of
layout awareness. While simpler models like Logistic
Regression can achieve high F1-scores (up to 98%) on basic
invoice extraction tasks [41], complex layouts necessitate
more advanced techniques. Multimodal frameworks like VS-
MRC [42], which combine visual and semantic guidance,
outperform traditional models by achieving an F1 score of
84.58% on social media NER tasks. For tabular data, crucial
for nutritional information, the Split, Embed, and Merge

architecture achieves an outstanding average F1-score of
97.11% on structured table recognition [43]. Furthermore,
explicitly encoding spatial information using methods like
Layout Quadrant Tags (LayoutQT) significantly boosts
performance [44]; when applied with BERT, it improved the
F1-score from 80.4% to 83.6% on document image datasets.
This confirms that integrating layout information is critical
for differentiating entities based on position. General-purpose
BERT-based frameworks such as BERT-CRF have also
demonstrated consistent outperformance over non-contextual
baselines in biomedical NER tasks, further solidifying the
architectural choice for entity extraction [45].

In the specific context of Indonesian consumer product
labels, BERT-based entity extraction faces additional
challenges related to multilingual synonym variation and
local ingredient terminology. Ingredient names commonly
appear in multiple forms across labels, for instance, 'sukrosa’,
‘gula pasir', and 'added sugar' are semantically equivalent but
linguistically distinct, as are 'natrium' and 'sodium’, or 'sirup
glukosa-fruktosa' and ‘high-fructose corn syrup (HFCS)'
Classical rule-based approaches such as regex or keyword
matching fail to capture these variations reliably, particularly
when terms appear in short, contextual phrases embedded
within semi-structured nutrition tables. BERT's bidirectional
contextual embeddings address this directly, by encoding
each token in the context of its surrounding text, the model
can distinguish that 'gula’ in 'kandungan gula 10g' refers to a
nutritional entity, while the same word in a product name
carries a different semantic role. Combined with a bilingual
synonym dictionary (Indonesian—English), fine-tuned BERT
can systematically map diverse ingredient aliases to
standardized entity categories, enabling consistent
classification regardless of the linguistic variation present on
the label.

The synthesized evidence consistently validates that the
optimal strategy for precise entity extraction (RQ2) relies on
Transformer-based models (BERT/LLM), particularly those
enhanced with layout-aware or multimodal capabilities. This
methodology effectively transforms potentially noisy OCR
output into high-precision chemical entities, synonyms, and
functional classifications necessary for downstream health
risk assessment. Table VI shows the synthesis of key
methodologies for extraction and refinement.
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TABEL VI TABEL VII
SYNTHETIS OF KEY METHODOLOGIES FOR EXTRACTION AND REFINEMENT SYNTHESIS OF KEY METHODOLOGIES FOR END-TO-END SYSTEM DESIGN
No | Methodology Key Metric Articl No | Methodology Key Metric Avrticle
Contribution e Contribution

1 | Quantitative F1-score 97.11% on [43] 1 Feasibility & F1-score 98.2%, accuracy [46],

Extraction structured table Accuracy 96.6% (GPT-40); [47],

(Table) recognition classification accuracy 90% [50]

2 | Layout- F1-score 93.6% (Layout- [40], (SVM)

awareness MetaBERT); F1 improved | [44] 2 Noise Performance degradation [49],
from 80.4% to 83.6% Robustness <5.23% under significant [51]
(LayoutQT) OCR noise

3 | NER Clinical F1-score 82.1% (Chinese [38], 3 Domain Health risk assessment for [48],

& Biomedical biomedical); Macro-F1 [39], Applicability | chronic disease management [49]
62.35% (medical [45] 4 Efficiency & Data abstraction time reduced | [51]
complaints) Scalability from 93s to 15s per report

1- - 0,
‘ s?t?umcltured (Fi%]vs(():i(::ree) ;“Eff)sffrf Eé} Figure 2 illustrates the proposed end-to-end framework
84.58% (social media for automated consumer product label analysis, integrating
NER) OCR and BERT-based NLP into a modular pipeline. The

C. End-to-End System Design for Health Risk Assessment

The design of a functional, real-time system for automated
ingredient screening is validated by empirical evidence
demonstrating its architectural requirements, efficiency, and
successful domain transferability, thus fulfilling RQ3.

The system's feasibility is grounded in the proven
capability of Multimodal Transformer Pipelines to convert
semi-structured documents into structured data. OCR
combined with Generative Transformer architectures (e.g.,
GPT-40) achieves an F1-score of 98.2% and accuracy of
96.6% in converting unstructured surgical records [46], while
simpler OCR + classification pipelines (SVM and Decision
Trees) achieve 90% classification accuracy for nutritional
claim verification [47]. Crucially, system integrity under
noise is also established: Transformer Sequence-to-Sequence
models maintain reliable entity extraction from noisy OCR
output, with performance degradation limited to only 3.49%—
5.23% [48], directly mitigating the primary risk of erroneous
ingredient identification.

The methodology's applicability to health-related domains
is further validated by dedicated systems such as NutriGuard
[49] and an Al-Powered Ingredient Detector [50], which
leverage LLMs to convert complex label data into actionable
health intelligence for chronic disease management.
Quantitative efficiency metrics further confirm deployment
viability: a Zero-shot NLP Tool (GPT-3.5) reduces clinical
report abstraction time from 93 seconds to 15 seconds per
report [51], demonstrating the scalability needed for real-time
consumer-facing applications. Table VII shows the synthesis
of key methodologies for end-to-end system design.

process begins when a consumer application, accessible via
mobile or web interface, initiates the capture of a real-world
label image. The image is first passed through the Vision
Module, which consists of three sequential stages: pre-
processing (contrast enhancement, deblurring, and adaptive
resizing), a Transformer-based OCR engine for raw text
extraction, and a BERT/MLM-based post-correction stage to
mitigate residual linguistic noise introduced during OCR. The
processed text is then forwarded to the Language Module,
where a BERT-based Key Information Extraction (KIE)
model performs entity spotting and Named Entity
Recognition (NER) to identify ingredient-related entities. A
normalization stage subsequently maps extracted entities to
standardized forms using a bilingual synonym dictionary,
informed by a knowledge base containing relevant nutrition
regulations and classification thresholds. The final structured
output, comprising health risk indicators derived from the
extracted and classified ingredient data, is returned to the
consumer application for display. This modular design
ensures that each stage can be independently evaluated and
optimized, supporting the layered evaluation protocol
described in RQ1, RQ2, and RQ3.
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Figure 2. Proposed End-to-end Framework

D. Limitations

This study is subject to several limitations that should be
considered when interpreting the findings. First, the literature
search was restricted to three academic databases, such as
IEEE Xplore, ScienceDirect, and Scopus, which, while
comprehensive, may not capture all relevant studies published
in other repositories or conference proceedings. Second, the
search was conducted exclusively in English, potentially
excluding relevant studies published in Indonesian that may
be particularly relevant to the local consumer product label
context. Third, as with any systematic review, publication
bias may have influenced the findings, as studies reporting
positive or significant results are more likely to be published
than those reporting null or negative outcomes. Fourth, the
search cutoff of October 2025 means that studies published
after this date are not reflected in the synthesis. Finally, the
proposed OCR-BERT framework is derived entirely from
secondary literature and has not been empirically validated on
real-world Indonesian consumer product labels, which limits
the generalizability of the practical recommendations offered.

IV. CONCLUSION

This systematic review synthesizes evidence on the
feasibility of an OCR-BERT pipeline for automated
consumer product label analysis, directly addressing all three
research questions. The findings confirm that robust text
extraction (RQ1) requires Transformer-based Scene Text
Recognition to mitigate visual noise, which must be followed

by layout-aware BERT or LLM processing (RQ2) to achieve
high-precision semantic entity extraction from semi-
structured documents. Collectively, this integrated approach
(RQ3) is supported by empirical evidence from analogous
domains demonstrating substantial efficiency gains and high
F1-scores in clinical and nutritional entity extraction tasks,
suggesting its potential applicability to consumer product
label analysis.

It is important to note that the proposed OCR-BERT
framework represents a theoretical synthesis derived from
existing literature, not an empirically validated system. The
efficiency metrics cited (e.g., reduction of data abstraction
time from 93 to 15 seconds) originate from studies in related
domains and serve as indicative benchmarks rather than direct
evidence of the framework's performance on Indonesian
consumer product labels. Empirical validation, including real -
world testing on multilingual food labels under varied
imaging conditions, remains an essential direction for future
research. Additionally, ethical and regulatory considerations,
such as the accuracy of label interpretation and the potential
for misinformation if the system misidentifies ingredient
content, must be addressed prior to any public-facing
deployment. Furthermore, while this framework is designed
specifically for processed food and beverage labels in the
Indonesian market, its underlying architecture, combining
Transformer-based OCR with BERT-based KIE, may be
adaptable to other consumer product domains such as
cosmetics, supplements, or pharmaceuticals, provided that
domain-specific synonym dictionaries, entity schemas, and
regulatory rule-sets are developed accordingly. Such
extensions represent promising directions for future research.
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