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Abstract

Scientific PDFs remain a major source of quan-
titative evidence, but numerical values in tables
and figures are difficult to extract in a reusable
and traceable form. This paper examines this
problem through a systematic review of 66
tools and an empirical evaluation of represen-
tative systems for table extraction, chart digi-
tisation, full-document processing, and LLM-
supported interpretation. The evaluation uses
a curated scientific dataset, including marine-
domain PDFs relevant to Cumulative Impact
Assessment. Results show that table extrac-
tion is more mature than chart extraction, but
both are sensitive to layout complexity and lose
important context such as units, labels, cap-
tions, and provenance. Full-document tools
preserve structure more effectively, but they do
not provide sufficiently reliable numeric extrac-
tion on their own. We conclude that numerical
evidence extraction is not only an extraction
task, but also a context-preservation challenge.
Reliable workflows therefore require hybrid
pipelines that combine document parsing, spe-
cialised extraction, structured normalisation,
and LLM-based validation.

1 Introduction

Scientific evidence synthesis increasingly depends
on collecting quantitative results from research pub-
lications. However, in many domains, important
numerical evidence such as effect sizes, concentra-
tions, rates, and thresholds remains embedded in
tables and figures within PDF documents. These
representations are designed for human interpreta-
tion rather than machine processing, making reli-
able automatic extraction difficult. This challenge
involves two interconnected problems. The first is
document layout understanding, which concerns
detecting tables, figures, and their structural organi-
zation within a document. The second is semantic
reconstruction, which involves recovering the rela-
tionships between extracted numerical values and

their associated meaning, including variables, units,
captions, and contextual metadata.

This paper presents a systematic review and em-
pirical evaluation of AI-based and software tools
for extracting numerical evidence from tables, fig-
ures, and charts in scientific PDFs. Beyond ex-
traction accuracy, we focus on whether extracted
values remain reusable, traceable, and linked to
sufficient contextual information. We review 66
tools spanning table extraction, chart digitisation,
document-level processing, OCR pipelines, and
LLM-supported interpretation. In addition, we em-
pirically evaluate representative systems on a cu-
rated scientific dataset containing tables, figures,
and full research PDFs.

The work is motivated by the practical require-
ments of Cumulative Impact Assessment (CIA),
where experts manually identify and extract quanti-
tative evidence describing ecological impacts, con-
trols, and propagation across environmental sys-
tems. In such workflows, extracted values are only
useful if they remain connected to their semantic
and methodological context. This includes prove-
nance information, units, variable descriptions, cap-
tions, and links to the originating table cells or fig-
ure elements. Manual extraction is therefore time-
consuming, difficult to scale, and often challenging
to reproduce consistently across reviewers.

Recent advances in AI-based document under-
standing have produced a wide range of tools tar-
geting different stages of the extraction pipeline
(Blecher et al., 2023; Livathinos et al., 2025). Some
approaches focus on converting entire PDFs into
structured machine-readable representations, while
others target specific components such as tables or
charts. These systems often generate intermediate
representations containing text, layout, figures, and
positional metadata, enabling partial reconstruction
of document context. More recently, large language
models (LLMs) and vision-language models have
enabled combining extraction with higher-level se-
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mantic interpretation, making them increasingly at-
tractive for evidence synthesis workflows (Ji et al.,
2023).

Despite this progress, practitioners still face a
practical selection problem: which tools reliably ex-
tract numerical evidence from real scientific PDFs,
and which preserve sufficient context for down-
stream evidence synthesis tasks? To address this
question, we combine a systematic review with
an empirical evaluation of representative systems.
We organize existing approaches using a unified
task-oriented framework, evaluate their extraction
capabilities and context preservation behavior, and
analyze their suitability for integration into practi-
cal workflows.

The main contributions of this paper are three-
fold: (1) a systematic review and categorization
of 66 tools for numerical evidence extraction from
scientific PDFs, (2) an empirical evaluation of rep-
resentative systems across tables, charts, and full-
document processing, focusing on both extraction
accuracy and context preservation, and (3) the iden-
tification of context preservation and provenance
linkage as central bottlenecks motivating hybrid
extraction pipelines.

2 Problem Definition and Task
Decomposition

2.1 Numerical Data Extraction

In this work, numerical data extraction refers to
recovering quantitative values from scientific doc-
uments together with the contextual information
required for their interpretation. The objective is
not only to extract numbers, but to recover usable
and traceable evidence. This includes the numeric
value itself as well as its associated semantic con-
text, such as variable names, units, captions, mea-
surement conditions, and provenance. Figure 3 in
the Appendix illustrates this requirement with an
example in which extracted impact values from a
scientific figure must be linked to species, response
variables, units, sample sizes, source figure, and
caption information.

This task differs from standard text extraction or
Optical Character Recognition (OCR). OCR con-
verts scanned documents into machine-readable
text, while PDF text extraction methods recover
textual content from digital documents. However,
these approaches do not reconstruct the structure
of tables or figures, nor do they reliably link nu-
merical values to their semantic meaning. This

distinction is particularly important in applications
such as CIA, where extracted evidence must remain
interpretable, reusable, and traceable to its original
document context.

Numerical data extraction from scientific PDFs
is therefore not a single task, but a pipeline of inter-
dependent components. Table extraction focuses
on detecting tables and reconstructing their inter-
nal structure, including rows, columns, headers,
and cell boundaries. Chart and figure extraction
aims to recover data from visual representations
such as bar charts, line plots, and pie charts by in-
terpreting graphical elements, axes, and legends.
Context reconstruction links extracted values to
their semantic meaning, including variables, units,
captions, and relationships between document ele-
ments. Finally, document-level integration com-
bines outputs from multiple components into a uni-
fied representation that preserves structure, read-
ing order, and provenance across tables, figures,
and surrounding text. Since these stages are often
handled by different tools or models, integration
becomes a central challenge in practical extraction
pipelines.

2.2 Core Challenges

Despite recent progress, numerical data extraction
from scientific PDFs remains difficult. Scientific
publications often contain complex layouts, nested
tables, multi-panel figures, and heterogeneous vi-
sual structures that are difficult to detect and recon-
struct reliably. In OCR-based systems, recognition
errors can propagate through downstream stages
and reduce extraction accuracy.

Even when numerical values are recovered cor-
rectly, contextual information such as units, cap-
tions, variable relationships, and provenance links
is frequently lost. As a result, extracted outputs
may become difficult to interpret, validate, or
reuse in downstream evidence synthesis workflows.
In addition, differences in output representations
across tools complicate integration and interoper-
ability between extraction systems.

3 Taxonomy of Approaches

To better understand the field, approaches are
grouped according to their role within the numer-
ical extraction pipeline rather than treated as iso-
lated tools. The taxonomy highlights differences in
representational assumptions, extraction capabili-
ties, context preservation, and integration behavior



across workflows. Figure 1 summarises the rela-
tionship between these categories.

3.1 Table Extraction Approaches
Table extraction methods can be broadly divided
into three categories based on the level of structural
reconstruction they provide.

Detection-based approaches treat tables pri-
marily as visual regions within a document and
focus on identifying their boundaries using object
detection or segmentation techniques (Schreiber
et al., 2017). While effective for locating tables,
these methods usually do not recover internal struc-
ture or cell-level relationships.

Structure recognition approaches extend this
by reconstructing rows, columns, headers, and cell
boundaries, often using segmentation, graph rep-
resentations, or transformer-based architectures.
Models such as TableNet and related systems have
shown strong performance for structural recovery
(Paliwal et al., 2019). However, most approaches at
this stage still produce intermediate representations
that require additional processing before numerical
evidence can be interpreted reliably.

End-to-end extraction systems move closer to
usable outputs by directly generating structured
representations such as HTML, JSON, or relational
tables from document inputs (Nassar et al., 2022).
These approaches improve downstream usability,
but remain sensitive to layout complexity, particu-
larly in tables containing merged cells, hierarchical
headers, or irregular formatting. Across all cate-
gories, preserving semantic links between values,
headers, units, and surrounding context remains a
persistent limitation.

3.2 Chart and Figure Extraction
Compared to table extraction, chart and figure ex-
traction remains more fragmented due to the diver-
sity of visual encodings used in scientific figures.
Existing approaches can be grouped into three main
categories.

Rule-based and geometric methods rely on
explicit assumptions about chart structure. They
detect graphical elements such as bars, lines, or pie
segments and use geometric relationships, often
combined with OCR, to infer numeric values (Al-
Zaidy and Giles, 2015). While effective for simple
visualisations, these methods are highly sensitive
to layout variation, image quality, and chart design.

Deep learning-based approaches model charts
as visual understanding tasks. Systems such

as ChartOCR detect components including axes,
ticks, legends, and data points before reconstruct-
ing the underlying numeric representation (Luo
et al., 2021). These approaches are more flexible
than rule-based systems, but performance remains
strongly dependent on chart complexity and clarity.

Vision-language models treat charts as multi-
modal inputs and translate them into textual or
tabular representations. Models such as DePlot
enable downstream reasoning by converting plots
into structured intermediate forms (Liu et al., 2023).
However, these systems may partially infer values
rather than strictly recover them from the visual
representation. Across all categories, maintaining
reliable links between values, axes, legends, cap-
tions, and surrounding document context remains
difficult, particularly for complex scientific figures.

3.3 Document-Level Processing Systems
In addition to specialised extraction methods,
document-level systems aim to convert complete
PDFs into structured machine-readable representa-
tions suitable for downstream processing. These
pipelines typically combine layout analysis, OCR,
and document parsing to identify text blocks, ta-
bles, figures, captions, and reading order within
a unified document representation. Systems such
as Nougat focus on end-to-end document conver-
sion into structured textual formats (Blecher et al.,
2023), while OCR-oriented frameworks including
PaddleOCR and olmOCR2 emphasise text recog-
nition and layout recovery for scanned or image-
based documents (Cui et al., 2025; Poznanski et al.,
2025). Their primary strength lies in preserving
document structure and contextual metadata rather
than directly extracting numerical evidence. As a
result, document-level systems are best understood
as upstream structuring components within larger
extraction pipelines. Although they provide impor-
tant contextual information such as figure-caption
relationships and reading order, they typically re-
quire specialised table or chart extraction modules
for precise numerical recovery.

3.4 LLM-Based Approaches
LLMs introduce a different capability within the ex-
traction pipeline by focusing on semantic interpre-
tation and context reconstruction rather than direct
layout analysis or visual parsing. In practice, they
are most effective as post-processing components
operating on outputs generated by specialised ex-
traction systems. LLMs can support linking values



Figure 1: Capability coverage across numerical extraction approaches. Table and chart tools primarily support
local extraction, document-level systems preserve layout and structural context, and LLM-based systems support
interpretation. The gaps between extraction, context linking, and semantic interpretation motivate hybrid workflows
for traceable numerical evidence extraction.

to variables, recovering missing context, summaris-
ing extracted evidence, and integrating information
across tables, figures, and surrounding text. This
makes them useful for higher-level reasoning tasks
within evidence synthesis workflows. However,
their generative nature also introduces important
risks. Instead of strictly extracting grounded val-
ues, LLMs may infer, approximate, or hallucinate
information, leading to incorrect numeric outputs
or unsupported contextual associations (Ji et al.,
2023). For this reason, LLMs are most reliable
when used as interpretation and validation layers
within hybrid workflows rather than as standalone
numerical extraction systems.

4 Systematic Review Methodology

4.1 Research Questions

This systematic review was guided by the follow-
ing research questions RQ1. What approaches and
tools exist for extracting numerical values from
tables, figures, and charts in scientific PDFs, and
what types of structures and output formats do they
support? RQ2. How do these approaches differ in
their technical characteristics, including reliance
on OCR, evaluation settings, and common failure
modes? RQ3. How do representative tools per-
form in practice when applied to real-world scien-
tific documents, particularly in terms of numerical
extraction accuracy? RQ4. To what extent do ex-
isting approaches preserve contextual information
required for downstream evidence synthesis, and
how suitable are they for integration into practical
workflows such as CIA?

4.2 Data Sources and Search Strategy

Relevant studies were identified through structured
searches in Scopus and Web of Science, which

provide broad coverage of research in document
analysis, computer vision, and information extrac-
tion. The search targeted studies on table extrac-
tion, chart and figure extraction, and related doc-
ument understanding methods for scientific PDFs.
Searches were limited to English-language publi-
cations from 2010 onwards. Full search strings are
provided in Appendix S1. The review process fol-
lowed established systematic review guidance, in-
cluding the PRISMA framework (Page et al., 2021)
and recommendations by Kitchenham and Char-
ters(Kitchenham and Charters, 2007).

4.3 Eligibility Criteria

Studies were included if they described imple-
mented tools or systems for extracting tables, fig-
ures, or numerical values from scientific PDFs or
document images. Peer-reviewed papers, preprints,
and official technical reports were considered. To
remain relevant to the study objective, included
systems had to provide numerical recovery either
directly or through structured table or chart recon-
struction, and they had to report some form of eval-
uation evidence. Detailed inclusion and exclusion
criteria are listed in Appendix S1.

4.4 Screening and Study Selection

Screening was conducted in two stages. First, titles
and abstracts were reviewed to remove clearly ir-
relevant records. Second, full texts were assessed
against the predefined eligibility criteria. Duplicate
records were removed before screening. To im-
prove coverage, reference lists of selected papers
were also checked manually. In addition, openly
available implementations and actively maintained
public tools were reviewed, even when they were
not introduced through a standalone academic pa-



per. This made it possible to include both research
prototypes and practically relevant systems.

5 Comparative Analysis

5.1 Overview

The reviewed systems differ substantially in scope,
extraction strategy, and output representation.
Some tools focus on specialised tasks such as table
extraction or chart digitisation, while others sup-
port broader document-level processing. To com-
pare these approaches systematically, we analyse
them across four dimensions: extraction capabili-
ties, OCR dependence, context preservation, and
practical deployment.

5.2 Comparison Dimensions

The comparison focuses on dimensions that di-
rectly affect practical evidence extraction work-
flows: what each system extracts, how much struc-
ture and context it preserves, whether it depends
on OCR, and how easily it can be integrated into
reproducible pipelines.

Extraction Capabilities. The reviewed systems
differ substantially in the type and granularity of in-
formation they recover. Table-oriented approaches
primarily focus on structure reconstruction and cell-
level extraction, while chart extraction systems at-
tempt to recover values from graphical encodings
such as axes, legends, and visual marks. Com-
pared to tables, chart extraction remains less robust
due to visual variability and the absence of explicit
structural organisation.

Document-level systems provide broader pars-
ing capabilities by identifying text blocks, tables,
figures, captions, and reading order within unified
structured representations. Their primary strength
lies in preserving layout and contextual metadata
rather than directly extracting precise numerical
evidence. As a result, they are most effective
as upstream components within larger extraction
pipelines.

OCR Dependence. OCR dependence represents
another major distinction between systems. PDF-
based approaches operating on embedded docu-
ment text generally perform well on clean born-
digital PDFs but fail on scanned or image-based
inputs. In contrast, many chart and document-
processing systems rely on OCR to recover tex-
tual elements such as axis labels, legends, and cap-
tions. In these workflows, OCR errors propagate
into downstream extraction and semantic interpre-

tation. OCR-oriented frameworks therefore func-
tion mainly as supporting infrastructure rather than
complete numerical extraction solutions.

Context Preservation. Output representations
vary considerably across systems. Many table ex-
traction tools export flat formats such as CSV or
Excel, which are easy to process but frequently lose
document-level context. More advanced systems
generate structured formats such as HTML, JSON,
or Markdown that preserve relationships between
tables, figures, captions, and surrounding text.

Despite these improvements, context preserva-
tion remains limited across most approaches. Nu-
merical values are often detached from units, cap-
tions, variable descriptions, and source locations.
While some systems attempt semantic linking be-
tween extracted content and document structure,
reliable preservation of provenance and contextual
meaning remains unresolved across the field.

Practical Deployment. Practical usability
varies considerably across the reviewed systems.
Some tools provide open-source implementations,
structured outputs, and local deployment support,
making them easier to integrate into reproducible
workflows. In contrast, many research-oriented
systems remain difficult to deploy or are not pub-
licly maintained despite strong reported benchmark
performance. For applications such as CIA, main-
tainability, interoperability, and reproducibility are
often as important as extraction accuracy itself.

6 Empirical Evaluation

6.1 Experimental Setup

The evaluation dataset was manually constructed
from scientific publications and includes three in-
put categories: (i) standalone tables, (ii) standalone
charts and figures, and (iii) full scientific PDF doc-
uments. 1 Table extraction was evaluated on 10
tables covering both simple and complex layouts,
including merged cells, grouped rows, and multi-
level headers. Chart extraction was tested on 6
figures representing different visualisation types,
including bar charts, line plots, pie charts, and his-
tograms. Full-document processing was assessed
using five born-digital marine science PDFs rele-
vant to evidence synthesis workflows. One docu-
ment was used for quantitative comparison, while

1The benchmark dataset, ground-truth annotations, and
evaluation resources are publicly available at https://gith
ub.com/idkcheckgooglebro/Numeric_Evidence_Extrac
tion.
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the remaining documents supported qualitative val-
idation and error analysis. A representative subset
of tools was selected to cover different stages of the
extraction pipeline: table extraction (Camelot, Do-
cling), chart extraction (DePlot), document-level
processing (PaddleOCR, Unstructured.io, Marker,
olmOCR2), and LLM-based interpretation (Chat-
GPT). Tool selection was based on public availabil-
ity, practical usability, and relevance to scientific
PDF processing.

All outputs were normalised into a unified JSON
representation and compared against manually pre-
pared ground truth. Extraction accuracy was de-
fined as the proportion of correctly recovered nu-
merical values. For table and chart extraction sys-
tems, results are reported as mean accuracy across
multiple samples. For document-level systems,
evaluation focused on a representative reference
PDF combined with qualitative inspection across
additional documents.

In addition to numeric accuracy, the evaluation
examined context preservation, defined as the abil-
ity of a system to maintain links between extracted
values and associated contextual information. Man-
ual inspection assessed whether outputs preserved
(i) structural relationships, (ii) captions and legends,
(iii) units and labels, and (iv) provenance links to
source locations within the document. Because
the evaluation is intentionally small and practice-
oriented, the results should be interpreted as com-
parative evidence of tool behaviour rather than as a
large-scale benchmark.

Table Extraction Results. Table extraction sys-
tems showed the most stable performance among
the evaluated categories. Docling achieved the
highest average accuracy (80%), performing well
on structured tables with clear boundaries and reg-
ular layouts. However, performance declined for
complex structures where units and labels became
partially misaligned. Camelot achieved lower av-
erage accuracy (56%) and was reliable mainly for
simple born-digital tables. Performance degraded
substantially for irregular layouts, merged cells,
and hierarchical headers.

Chart Extraction Results. Chart extraction
showed substantially higher variability. DePlot
achieved moderate average accuracy (65%), with
performance strongly dependent on chart type and
visual complexity. Simple visualisations such as
pie charts and basic line plots were handled rea-
sonably well, whereas performance decreased for
stacked bar charts, multi-series plots, and visually

dense scientific figures.
Full-Document Processing Results. Full-

document systems exhibited a different perfor-
mance profile. Rather than optimising purely for
numeric extraction, these tools prioritised docu-
ment structuring and context preservation. Marker
(72%) and Unstructured.io (70%) produced the
most balanced outputs, preserving layout organisa-
tion, reading order, and relationships between doc-
ument elements. olmOCR2 (68%) showed strong
OCR performance but limited figure-level extrac-
tion capability. PaddleOCR (60%) performed reli-
ably for text recovery but required additional down-
stream processing to generate structured outputs.
Across additional validation documents, the overall
behaviour remained

6.2 Error Analysis
Several recurring error patterns were observed
across the evaluated systems.

Structural alignment errors were common
in table extraction systems such as Docling and
Camelot. Complex layouts containing grouped
rows or hierarchical headers frequently caused in-
correct alignment between numeric values and their
associated variables, even when values themselves
were extracted correctly.

Semantic context loss affected both table and
chart extraction workflows. Units, labels, captions,
and variable associations were often partially lost
or incorrectly linked during extraction. As a result,
otherwise correct numeric values became difficult
to interpret reliably in downstream evidence synthe-
sis tasks. Figure 2 in illustrates an example where
Docling partially reconstructs table structure but
misaligns headers and contextual information.

Approximation and reconstruction errors
were particularly visible in chart extraction. DePlot
occasionally generated approximate rather than ex-
act numeric values, especially in visually complex
figures where relationships between chart elements
and numeric scales were ambiguous.

OCR propagation errors were also observed
in OCR-dependent pipelines. Misrecognised axis
labels, captions, or table text propagated into down-
stream stages, affecting both structural reconstruc-
tion and semantic interpretation.

6.3 Context Preservation Evaluation
Manual inspection showed that document-level sys-
tems preserved contextual structure more consis-
tently than specialised extractors. Marker, Unstruc-



Figure 2: Example of structural reconstruction errors in Docling table extraction. While the system recovers
most numerical values correctly, complex headers and grouped rows become partially misaligned, illustrating the
difficulty of preserving semantic relationships between values, labels, and table structure.

tured.io, and Docling generally retained document
organisation and relationships between content el-
ements, whereas Camelot and DePlot provided
weaker links between extracted values and captions,
units, legends, or surrounding text. olmOCR2 pri-
marily recovered textual content without deeper
semantic relationships.

7 Discussion

Maturity Differences Across Tasks. Table ex-
traction is the most developed area, with multiple
tools achieving reliable performance on structured,
born-digital inputs. In contrast, chart and figure ex-
traction remains less mature and more fragmented,
with performance highly dependent on chart type
and visual complexity. This difference reflects
the nature of the tasks. Tables provide explicit
row–column structure, while charts require recon-
struction of values from visual encodings such as
axes, scales, and legends. As a result, chart extrac-
tion remains more sensitive to layout variation and
harder to generalise.

Limits of Current Approaches. Many current
approaches remain sensitive to document structure.
Performance typically drops for irregular tables,
multi-level headers, and complex figure layouts,
where alignment between values and labels be-
comes unclear (Paliwal et al., 2019; Prasad et al.,

2020; Nassar et al., 2022). In pipelines that rely
on OCR, recognition errors further propagate into
downstream extraction, affecting both structure re-
construction and numeric interpretation, especially
in figures (Luo et al., 2018; Li et al., 2022c; Cui
et al., 2025) . In addition, most tools focus on recov-
ering structure rather than meaning, so extracted
values are often not reliably linked to variables,
units, or experimental conditions, which limits their
usability for evidence synthesis (Zhong et al., 2020;
Smock et al., 2022; Livathinos et al., 2025).

Role of LLMs. LLMs may support downstream
interpretation and context reconstruction once nu-
merical content has been extracted into a structured
representation. However, LLM-based interpreta-
tion was not systematically benchmarked in this
study, and their generative nature introduces risks
of unsupported inference and numerical hallucina-
tion(Ji et al., 2023).We therefore consider LLMs as
potential supporting components for validation and
semantic interpretation rather than primary extrac-
tion systems.

Context as the Central Bottleneck. The main
limitation across the study is not extraction accu-
racy, but context preservation. For applications
such as CIA, a value is only useful if it remains
linked to its meaning, including units, variables,
study conditions, and source location. However,



most tools operate at the level of structure or lo-
cal data recovery without consistently preserving
these relationships. Full-document systems such
as Docling, Unstructured, and Marker provide bet-
ter structural context, but still do not fully capture
semantic meaning. Table tools often lose links to
captions and units, while chart tools rarely connect
values to surrounding text. As a result, extracted
outputs remain incomplete for decision-grade use.
This suggests that numerical extraction is not only a
perception problem, but also a representation prob-
lem requiring explicit schema alignment and prove-
nance tracking (Clark and Divvala, 2016; Livathi-
nos et al., 2025; Li et al., 2022a).

Evaluation Limitations. The empirical evalua-
tion is intentionally small and practice-oriented,
covering 10 tables, 6 figures, and five scientific
PDFs selected to represent varied layouts and ex-
traction challenges. It should therefore not be inter-
preted as a large-scale benchmark or as establishing
statistically generalisable rankings between tools.
Instead, the evaluation complements the systematic
review by illustrating how representative systems
behave on realistic scientific material and by identi-
fying recurring failure modes relevant to evidence
synthesis. Future evaluation should extend this
analysis to larger domain-diverse datasets and as-
sess numerical accuracy, context preservation, and
provenance jointly.

Practical Considerations. Tool selection for ev-
idence synthesis depends not only on extraction
accuracy but also on availability, maintainability,
structured output support, and local deployment.
Open and actively maintained systems with in-
teroperable outputs are easier to incorporate into
reproducible workflows than research prototypes
without accessible implementations. These consid-
erations are particularly important for long-term
evidence synthesis applications such as CIA.

8 Toward Hybrid Extraction Pipelines

The complementary capabilities identified in the
review and evaluation motivate a modular pipeline
for traceable numerical evidence extraction. It sup-
port a layered pipeline architecture in which dif-
ferent components handle specialised tasks, and
effective workflows combine complementary tools
rather than relying on a single system. PDFs are
first converted into structured representations us-
ing layout-aware tools, which detect text blocks,

tables, figures, captions, and their positions while
preserving document structure and reading order.
Specialised tools are then applied to extract nu-
meric values from tables and figures, with meth-
ods selected based on content type. The extracted
outputs are normalised into a common structured
format (e.g., JSON) to ensure consistency and sup-
port comparison and downstream use. Throughout
the process, it is important to preserve provenance
by maintaining links to source elements such as
captions, page numbers, and document locations to
ensure traceability. Finally, LLMs are applied after
extraction to interpret results, reconstruct context,
and support validation. In this setting, they func-
tion primarily as a reasoning layer rather than as
direct extraction systems. A central requirement for
such pipelines is that each extracted value remains
linked to its source location, structural context, and
semantic interpretation, enabling validation and
later auditing.

9 Conclusion

This study combined a systematic review with em-
pirical evaluation to assess approaches for extract-
ing numerical data from tables and figures in scien-
tific PDFs. The results show that table extraction
is relatively mature for structured inputs, while
chart extraction remains less reliable and sensitive
to visual complexity. Full-document systems pre-
serve layout and contextual structure effectively,
but do not provide reliable numerical extraction on
their own. A central finding is that numerical evi-
dence extraction is not only an extraction problem,
but also a context-preservation challenge. Many
systems recover values without reliably maintain-
ing links to units, variables, captions, and prove-
nance information. As a result, no single approach
currently produces fully traceable, decision-ready
outputs. The main practical implication is that
hybrid pipelines combining document parsing, spe-
cialised extraction, structured normalisation, and
LLM-supported validation provide the most reli-
able strategy for evidence extraction workflows.
Future work should focus on schema-aware ex-
traction, end-to-end evaluation benchmarks, and
improved methods for provenance tracking and se-
mantic grounding. The findings further suggest that
future progress will depend less on isolated extrac-
tion accuracy and more on integrated approaches.
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Table 1: Comparative summary of the reviewed tools across extraction and deployment dimensions.

Group Tool Table Chart Full-doc OCR CSV JSON/HTML Context Deployment

Table

Camelot ✓ No ✓ Weak ✓
TabtoLaTeX ∼ Req ∼ Weak ✓
Tabula ✓ No ✓ Weak ✓
tabulapdf ✓ No ✓ Weak ✓
TableFormer ∼ No ✓ partial ✓
TEXUS ✓ No ✓ ✓ Weak ?
TAO ✓ No ✓ Weak ?
KIETA ∼ No ✓ Strong ✓
GTE ∼ No ✓ Weak ✓
TAPAS ∼ No Weak ✓
TableNet ∼ Yes Weak ?
CascadeTabNet ∼ No Weak ✓
MTL-TabNet ✓ No Partial ✓
SEM ∼ No Weak ?
SPLERGE ∼ No Weak ?
TABLET ∼ Req. Partial ?
LGPMA ∼ Opt. Partial ✓
PdfTable ✓ Cond. ✓ ✓ Partial ✓
PubTables1M ∼ No Partial ✓
GraphTSR ∼ No Weak ✓
DeepDeSRT ∼ No Weak ✓
SEMv3 ∼ No Weak ✓
TabbyPDF ✓ No ✓ ✓ Partial ✓
TD-DCCAM ∼ No Weak ✓
TableExtractor ∼ No Weak ?
SAL-CRF-DocDet ∼ ∼ No Weak ✓
BIOTABLE ✓ No Partial ✓
HybridTabNet ∼ No Weak ?
EDD ✓ No ✓ Partial ?
Deng ✓ No ✓ ✓ Partial ✓
CluSTi ∼ Partial ✓ Weak ?
KEFT ✓ No ✓ Strong ?
Spatial clustering ✓ No ✓ Strong ?
GNNF ∼ Req Weak ?
Bioenergy-Miner ∼ No ✓ Partial ✓
CDeC-Net ∼ No Weak ✓
Structure CNN ∼ No Weak ?
QURMA ✓ No ✓ ✓ Weak ?
MPNN GNN ∼ Req. ✓ ✓ Weak ?
WEATHERGOV+ ∼ Req. ✓ Partial ✓
TableNetOCR ✓ Req. ✓ Partial ✓
AutoTableExtract ✓ Cond ✓ Weak ✓
DiT ∼ No ✓ Weak ✓
CV FinTable ✓ Req. ✓ Partial ?

Chart

ChartOCR ✓ Req. ✓ Weak ∼
ChartReader ✓ Req. ∼ Partial ?
UniChart ∼ impl ∼ Partial ✓
Chart-RCNN ✓ Req. Weak ✓
LINEEX ✓ Req. Partial ✓
DePlot ✓ No ∼ Partial ✓
REV ∼ Req. Weak ✓
Chart-to-Text ∼ Req. ∼ Weak ✓
PlotQA ∼ No Weak
SemiDatasheet ✓ Req. Weak ?
BarChartSummary ✓ Req. Partial ?
Chart Decoder ✓ Req. Partial ?
BarChartExtraction ✓ Req. ✓ Weak ?

Full-doc

Docling ∼ ✓ Cond. ✓ ✓ Strong ✓
PP-StructureV2 ✓ ✓ Req. ✓ Partial ✓
PDFFigures 2.0 ✓ No Strong ✓
Nougat ∼ ✓ No ∼ Weak ✓
Marker ✓ ∼ ✓ Req. ✓ Strong ✓
Unstructured.io ∼ ? ✓ Req. ∼ ✓ Strong ✓
PaddleOCR ∼ ∼ ✓ Req. ∼ Partial ✓

LLM/OCR olmOCR2 ∼ ✓ Req. Weak ✓
ChatGPT ∼ ∼ No Partial

✓= supported | ∼= partial/indirect support | blank = not supported | ? = unclear | Req. = required | Cond. = conditional



Table 2: Table 2: References and Resources for the Reviewed Numerical Evidence Extraction Tools
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2019.
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Structure CNN – Zhou, M., Ramnath, R. A Structure-Focused Deep
Learning Approach for Table Recognition from
Document Images. 2022 IEEE 46th Annual Computers,
Software, and Applications Conference (COMPSAC).

QURMA – Nugumanova, A.B., Apayev, K.S., Baiburin, Y.M.,
Mansurova, M., Ospan, A. QURMA: A Table
Extraction Pipeline for Knowledge Base Population.
JMMCS №2(114), 2022. DOI:
10.26577/JMMCS.2022.v114.i2.08.

MPNN GNN – Pau Riba, Lutz Goldmann, Oriol Ramos Terrades, Diede
Rusticus, Alicia Fornés, Josep Lladós. Table detection
in business document images by message passing
networks. Pattern Recognition 127 (2022) 108641

WEATHERGOV+ https://github.com/dash-uvic/We
atherGovPlus

Dash, A., Cote, M., Branzan Albu, A. (2023).
WEATHERGOV+: A Table Recognition and
Summarization Dataset to Bridge the Gap Between
Document Image Analysis and Natural Language
Generation. DocEng ’23.

TableNetOCR – Paliwal et al., “TableNet: Deep Learning model for
end-to-end Table detection and Tabular data extraction
from Scanned Document Images”, ICDAR 2019
(conference).

AutoTableExtract – Sahoo, R., Kathale, C., Kubal, M., Malik, S. (2020).
Auto-Table-Extract: A System To Identify And Extract
Tables From PDF To Excel. IJSTR, 9(05)

DiT https://aka.ms/msdit Li, J., Xu, Y., Lv, T., Cui, L., Zhang, C., Wei, F. (2022).
DiT: Self-supervised Pre-training for Document Image
Transformer. ACM MM 2022.

CV FinTable – Iftakhar Ali Khandokar; Priya Deshpande. “Computer
Vision-Based Framework for Data Extraction From
Heterogeneous Financial Tables: A Comprehensive
Approach to Unlocking Financial Insights.

Chart ChartOCR https://github.com/soap117/Dee
pRule/tree/master

Luo, J., Li, Z., Wang, J., Lin, C.-Y. “ChartOCR: Data
Extraction from Charts Images via a Deep Hybrid
Framework.” WACV 2021.

ChartReader https:
//github.com/Cvrane/ChartReader

Rane, C., Subramanya, S. M., Endluri, D. S., Wu, J.,
Giles, C. L. (2021). ChartReader: Automatic Parsing of
Bar-Plots. IEEE IRI 2021.

UniChart https:
//github.com/vis-nlp/UniChart

Liu et al. (2023). UniChart: A Universal
Vision-Language Pretrained Model for Charts.

Chart-RCNN – Li, S., Lu, C., Li, L., Zhou, H. (2022). Chart-RCNN:
Efficient Line Chart Data Extraction from Camera
Images. arXiv:2211.14362.

LINEEX https://github.com/Shiva-sanka
ran/LineEX

Shivasankaran V P; Muhammad Yusuf Hassan; Mayank
Singh. LINEEX: Data Extraction from Scientific Line
Charts. WACV 2023.

DePlot https://github.com/google-resea
rch/google-research/tree/maste
r/deplot

Liu et al. (2023). DEPLOT: One-shot visual language
reasoning by plot-to-table translation.
arXiv:2212.10505.

REV – Poco, J., Mayhua, A., Heer, J. “Extracting and
Retargeting Color Mappings from Bitmap Images of
Visualizations.” IEEE Transactions on Visualization and
Computer Graphics, 24(1), 2018. DOI:
10.1109/TVCG.2017.2744320.

Chart-to-Text https://github.com/vis-nlp/Cha
rt-to-text

Kantharaj, Leong, Lin, Masry, Thakkar, Hoque, Joty.
“Chart-to-Text: A Large-Scale Benchmark for Chart
Summarization.” arXiv:2203.06486v3, 2022.

PlotQA – Methani, N. et al. PlotQA: Reasoning over Scientific
Plots. ICCV 2019.

SemiDatasheet - Tian, F., Bernal Cobaleda, D., Martinez, W. (2022).
Automatic Data Extraction based on Semiconductor
Datasheet for Design Automation of Power Converters.
The 2022 International Power Electronics Conference
(IPEC-Himeji 2022 -ECCE Asia-).
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BarChartSummary - Deng, J., Liu, G., Tang, R., Wu, X., Yin, Z. An
automatic selective PDF table-extraction method for
collecting materials data from literature. Advances in
Engineering Software 204 (2025) 103897.

Chart Decoder - Dai, W., Wang, M., Niu, Z., Zhang, J. Chart decoder:
Generating textual and numeric information from chart
images automatically. Journal of Visual Languages and
Computing, 48 (2018) 101–109.

BarChartExtraction - Al-Zaidy, R. A., Giles, C. L. (2015). Automatic
Extraction of Data from Bar Charts. K-CAP 2015.

Full-doc Docling GitHub-docling-project/docling:
GetyourdocumentsreadyforgenAI

Livathinos, N. et al. (2025). Docling: An Efficient
Open-Source Toolkit for AI-driven Document
Conversion. arXiv:2501.17887v1.

PP-StructureV2 https://github.com/PaddlePaddl
e/PaddleOCR/tree/release/2.6/p
pstructure

Li, C., Guo, R., Zhou, J., An, M., Du, Y., Zhu, L., Liu,
Y., Hu, X., Yu, D. (2022). PP-StructureV2: A Stronger
Document Analysis System. arXiv:2210.05391v2

PDFFigures 2.0 https://github.com/allenai/pdf
figures2

Clark, C. Divvala, S. (2016). PDFFigures 2.0: Mining
Figures from Research Papers. JCDL ’16.

Nougat https://github.com/facebookres
earch/nougat

Blecher, L., Cucurull, G., Scialom, T., Stojnic, R.
“Nougat: Neural Optical Understanding for Academic
Documents.” arXiv:2308.13418v1, 25 Aug 2023.

Marker https:
//github.com/datalab-to/marker

-

Unstructured.io https://github.com/Unstructure
d-IO/unstructured

-

PaddleOCR https:
//github.com/PaddlePaddle/Padd
leOCR?utm_source=chatgpt.com

Cui, C., Sun, T., Lin, M., et al. (2025). PaddleOCR 3.0
Technical Report. arXiv preprint arXiv:2507.05595.

LLM/OCR olmOCR2 https:
//github.com/allenai/olmocr

Poznanski, J., Soldaini, L., Lo, K. (2025). olmOCR 2:
Unit Test Rewards for Document OCR.
arXiv:2510.19817v1.
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Appendix S1. Database search strings used for
the systematic review The literature search was con-
ducted primarily in Web of Science and Scopus to identify
studies describing tools, systems, and methods for extracting
numerical data from tables and figures in scientific PDF doc-
uments. The search strategy was designed to capture work
related to table extraction, chart and figure understanding,
document image analysis, and numerical or structured data
recovery. Searches were limited to English-language publica-
tions published from 2010 onwards. The search strings were
adapted to the syntax requirements of each database.

S1.1 Web of Science search string The following
search string was used in Web of Science:

TS = (
(

PDF OR "scientific figure" OR "
scientific chart"

OR "document image" OR "research article
"
)
AND
(

"table extraction" OR "table recognition
" OR "table detection"

OR "table structure" OR "table
segmentation" OR "table mining"

OR "chart extraction" OR "chart
understanding"

OR "bar chart extraction" OR "figure
extraction"

OR "figure understanding" OR "diagram
extraction"

OR "plot digitization" OR "graph
digitization"

OR "scientific chart analysis" OR "data
reconstruction"
)
AND
(

numeric OR numerical OR "data values" OR
"quantitative data"

OR "structured data" OR "information
extraction"
)
AND
(

tool OR algorithm* OR framework* OR
software OR pipeline*

OR "open-source" OR "deep learning" OR "
machine learning"

OR "neural network*" OR CNN OR
transformer OR GNN
)

)

S1.2 Scopus search string The following search string
was used in Scopus:

TITLE-ABS-KEY(
(

PDF OR "portable document format" OR "
scientific paper*"

OR "research article*" OR "scientific
publication*"

OR "document image" OR "scientific
figure" OR "scientific chart"
)
AND

(
"table extraction" OR "table recognition

" OR "table detection"
OR "table structure" OR "table

reconstruction" OR "table segmentation"
OR "table understanding" OR "table

mining"
OR "tabular data extraction" OR "tabular

structure"
OR "chart extraction" OR "chart

recognition" OR "chart understanding"
OR "chart data extraction" OR "bar chart

extraction"
OR "figure extraction" OR "figure

understanding"
OR "diagram extraction" OR "diagram

understanding"
OR "plot digitization" OR "graph

digitization"
OR "scientific chart" OR "scientific

figure processing"
OR ("data extraction" W/3 (table* OR

chart* OR figure* OR graph* OR plot*))
)
AND
(

numeric OR numerical OR quantitative
OR "data values" OR "data recovery" OR "

data reconstruction"
OR "structured data" OR "information

extraction"
)
AND
(

software OR tool OR algorithm* OR
framework* OR library OR pipeline*

OR "open source" OR "open-source" OR
code OR implementation

OR "deep learning" OR "machine learning"
OR "neural network*"

OR CNN OR transformer OR "graph neural
network"

OR "object detection" OR "image
segmentation"
)

)
AND PUBYEAR > 2010
AND (LIMIT-TO(LANGUAGE, "English"))

S1.3 Study selection criteria To ensure consistency
and reproducibility of the review process, predefined inclusion
and exclusion criteria were applied during the screening of
retrieved records. These criteria were used during both title or
abstract screening and full-text assessment.
Inclusion criteria

• Studies describing implemented tools or systems for
extracting tables and figures from scientific PDFs or
document images

• Systems capable of recovering numerical values, either
directly or through structured table or chart reconstruc-
tion

• Peer-reviewed articles, preprints, or official technical
reports

• Studies providing evaluation evidence, such as bench-
mark results, dataset descriptions, or validation proce-
dures



• Publications written in English and published from 2010
onwards

Exclusion criteria

• Studies focusing only on general PDF text extraction
without addressing tables or figures

• Purely theoretical works without an implemented sys-
tem or method

• Tools designed exclusively for non-scientific domains
(e.g., invoices or business documents), unless demon-
strated on scientific-style layouts

• Studies lacking evaluation or validation evidence

• Duplicate records identified across databases



Figure 3: Example of context-aware numerical evidence extraction from a scientific figure and caption. The left
side shows the original figure from Magnhagen et al. (2017), while the right side illustrates structured extraction
outputs linking impact values to contextual metadata, including species, response variables, units, sample sizes, and
provenance information. The example demonstrates that usable evidence extraction requires not only recovering
numeric values, but also preserving semantic context and traceability.
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