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Abstract. Engineering manuals encode operational parameters in dense tables,
scanned pages, hierarchical sections, and multi-page layouts. Conventional
OCR and layout conversion pipelines often flatten these structures, weakening
the association between parameters, values, and document context. This work
proposes a structure-preserving extraction pipeline that uses multimodal page
parsing, explicit semantic tags, deterministic validation, and row-level context
injection to convert heterogeneous manuals into structured tabular records. On
60 pages from six protection-relay manuals, the pipeline produced usable output
for allevaluated pages, identified 04 structured tables, assigned 197 captions,
and reconstructed 26 multi-page tables. The evaluation focuses on extraction
and structural preservation and does not assess end-to-end question answering
or SQL execution.

1. Introduction

Engineering workflows depend on technical manuals that encode protection parameters,
configuration settings, and operational constraints. These manuals often circulate as PDF
files with dense tables, hierarchical sections, scanned pages, and layouts that continue
across page boundaries. Correct interpretation requires more than text recognition: the
extraction process must preserve the association between each parameter, its value, and
the section in which it appears. Losing this context may affect downstream interpretation
in power system operation, where protection systems rely on many documented parame-
ters [Horowitz et al. 2022, Terzija et al. 2011, Phadke and Thorp 2008].

Document understanding methods address parts of this problem, but engineer-
ing manuals combine several difficult cases in the same document. Layout-aware mod-
els incorporate spatial information, but typically depend on OCR input [Li et al. 2022,
Huang et al. 2022, Hong et al. 2022]. OCR-free models such as Donut and Nougat pro-
cess document images directly [Kim et al. 2022, Blecher et al. 2023], but generative de-
coding can produce inconsistent structures in irregular or multi-page layouts. DeepDeSRT



addresses table structure recognition [Schreiber et al. 2017], and TEDS measures struc-
tural similarity [Zhong et al. 2020]. Engineering use cases also require semantic ground-
ing between rows, captions, pages, and section hierarchy.

This gap matters for RAG and structured-query applications. Typical pipelines
segment documents into text chunks [Lewis et al. 2020]. When tables are flattened into
text, chunking may separate values from their attributes or section context. Table-centric
retrieval methods [Yu et al. 2025, Souza et al. 2024] and structured query generation ap-
proaches [Zhong et al. 2017] assume that tabular representations are available. In engi-
neering manuals, this assumption often fails because the structured representation must
first be extracted from heterogeneous PDFs.

This work proposes a pipeline that preserves structure while extracting tables from
engineering manuals. The method uses multimodal page parsing, explicit semantic tags,
deterministic validation, and row-level context injection to transform tables from unstruc-
tured documents into structured records. Retrieval is therefore treated as a downstream
motivation, while the evaluation isolates extraction reliability and structural preservation.

This work makes four contributions. First, it defines a semantic tagging strategy
that makes page boundaries, table blocks, captions, and multi-page continuations explicit
during multimodal extraction. Second, it introduces a row-level context injection mecha-
nism that preserves relationships among values, attributes, captions, pages, and document
hierarchy. Third, it describes a structured storage representation for heterogeneous tables
extracted from engineering manuals, supporting downstream querying without treating
table rows as isolated text chunks. Fourth, it evaluates the pipeline on 60 pages from six
protection-relay manuals. On the evaluated pages, the method produced usable output for
all pages, identified 204 structured tables, assigned 197 captions, and reconstructed 26
multi-page tables.

2. Related Work

Document understanding models increasingly combine text, layout, and visual signals.
MarkupLLM models text and markup for visually rich documents [Li et al. 2022]. Lay-
outLMv3 combines text and image masking [Huang et al. 2022]. BROS focuses on text
blocks and layout relations [Hong et al. 2022]. These models usually rely on OCR, which
makes the pipeline sensitive to scan quality and layout degradation. OCR-free approaches
such as Donut [Kim et al. 2022] and Nougat [Blecher et al. 2023] avoid an explicit OCR
stage by generating structured output directly from document images, but their generative
nature can introduce inconsistent markup when layouts are irregular.

Table extraction remains a distinct challenge because tabular meaning depends on
row-column alignment, hierarchical headers, captions, and surrounding sections. Deep-
DeSRT [Schreiber et al. 2017] addresses table detection and structure recognition from
document images. TEDS [Zhong et al. 2020] measures structural similarity between pre-
dicted and reference tables. PubTables-1M [Smock et al. 2022] provides a large annotated
corpus for table extraction. FinTabNet [Zheng et al. 2021] offers another reference cor-
pus for table recognition. These resources are useful for structural evaluation, but they
do not cover all practical constraints of engineering manuals, especially heterogeneous
manufacturer layouts, scanned pages, and table continuations across pages.

Document conversion systems combine OCR and layout reconstruction to create



machine-readable outputs. Docling [Livathinos et al. 2025] represents this class of prac-
tical parsers and provides a relevant baseline for conversion from PDF to structured text.
However, such systems may flatten tables when layouts are dense or noisy, which can
erase the association between parameters and values even when textual content is par-
tially recovered.

RAG and table-centric retrieval motivate the need for structured extraction. Lewis
et al. [Lewis et al. 2020] popularized retrieval-augmented generation over document col-
lections, and TableRAG variants [ Yu et al. 2025, Souza et al. 2024] explore retrieval over
tabular inputs. Seq2SQL [Zhong et al. 2017] illustrates how language can be mapped to
executable structured queries. These methods assume that reliable structured inputs exist.
The present work addresses the upstream step: preserving table boundaries, captions, hi-
erarchy, and row context while extracting tabular records from raw engineering manuals.

3. Methodology

Figure 1 summarizes the proposed pipeline. The method converts engineering manuals
into structured tabular records through four stages: multimodal page extraction, semantic
tagging, row-level context injection, and structured storage. The design follows two prin-
ciples. First, table boundaries and document hierarchy should be made explicit during
extraction rather than reconstructed only after parsing. Second, each row should carry
enough context to remain interpretable outside the original PDF.

The extraction stage operates at the page level. Each page is treated as a visual
input and processed by a vision-language model. The implementation evaluated in this
paper uses Gemini 2.5 Flash for multimodal extraction. The model generates a Mark-
down representation under prompt constraints that request explicit structural markers.
This choice makes the pipeline OCR-free at the extraction stage, while preserving com-
patibility with later deterministic parsing.

Generation uses semantic tags for structural elements. Each page receives a page
marker, headings preserve document hierarchy up to a fixed depth, and detected tables
receive explicit opening and closing tags. Captions are extracted when present or inferred
from the closest hierarchical context. Tables that continue across pages are marked with
continuation indicators, enabling the parser to reconnect segments as one logical table.

The extraction process also normalizes irregular tables commonly found in engi-
neering manuals. Tables without clear column definitions are represented as Property-
Value pairs, and nested headers are flattened through concatenation. This representa-
tion favors parseability while preserving the original hierarchical meaning in the column
names.

After generation, a deterministic parser validates the intermediate representation.
The parser checks whether tagged regions have valid boundaries, whether table rows can
be parsed, and whether continuation markers can be associated with compatible table
segments. Malformed structures are repaired only when a deterministic rule applies; oth-
erwise, they are excluded from the validated structured table set. This prevents malformed
generations from being inserted as trusted structured rows.

The validated Markdown representation is then parsed into tables. Instead of
treating each table as an isolated grid, the pipeline augments each row with contextual
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Figure 1. Overview of the proposed pipeline. Engineering manuals are processed
through multimodal extraction with semantic tagging, validation, contex-
tual structuring, and storage for downstream structured querying.

metadata: page number, section headings, table caption, and table index. This row-level
grounding preserves relationships among values, attributes, and document context.

Each row is represented as:
T:<v17U27"'7/Unac7p7h17h25--'7hk>t)7 (1)

where v; denotes an extracted table value, c is the table caption, p is the page identifier,
h; represents hierarchical context, and ¢ is the table index. This formulation allows an
extracted row to be interpreted without recovering context from the original document.

The structured data is stored in a relational architecture designed for heteroge-
neous table schemas. A section-level table stores document metadata and semantic em-
beddings, a schema catalog stores table names, columns, and examples, and a sparse data
table stores extracted rows with their contextual metadata. This design sacrifices strict
schema uniformity to accommodate manuals from different manufacturers and table lay-



outs.

Structured querying motivates the representation but is not evaluated end to end in
this paper. In a downstream workflow, a query system can inspect the stored schemas and
retrieve rows under explicit table and section constraints. The evaluation below isolates
the upstream question: whether the extraction pipeline preserves tabular structure and
context well enough to populate such a structured representation.

3.1. Component Roles

The pipeline combines three components that address different failure modes in manual
extraction. Semantic tags make page boundaries, tables, captions, and continuations ex-
plicit, giving the parser stable anchors in the generated Markdown. Without these tags,
table content may still be present in the output, but downstream parsing must infer where
a table starts, ends, or continues.

Row-level context injection addresses ambiguity after a table has been parsed.
Engineering manuals often repeat parameter names across sections, pages, or device con-
figurations. By attaching page, caption, section hierarchy, and table index to each row,
the representation reduces the chance that a value is later interpreted without its original
context.

The structured storage layer separates extraction from downstream querying. It
does not bring retrieval accuracy into the measured scope, but it provides a consistent
target for extracted rows and schemas. This separation keeps the evaluation focused on
whether the document-processing stage can populate a structured representation from het-
erogeneous manuals.

4. Experimental Evaluation

The evaluation focuses on extraction reliability and structural preservation. It does not
benchmark end-to-end question answering, SQL execution, or answer accuracy. This
scope isolates the upstream step needed before structured querying: converting heteroge-
neous engineering manuals into parseable tabular records with preserved context.

The dataset consists of six protection-relay manuals from different manufacturers,
including ABB, SEL, Alstom, and GE. From each document, ten pages were selected,
resulting in 60 evaluated pages. The pages include natively digital PDFs and scanned
documents with dense tables, hierarchical sections, and parameters distributed across page
boundaries.

The baseline is Docling [Livathinos et al. 2025], a practical document conversion
toolkit based on OCR and layout reconstruction. This comparison contrasts the pro-
posed VLM-based structure-preserving pipeline with a traditional OCR/layout conversion
pipeline. It should not be read as a comparison against another VLM baseline.

Table 1 reports coverage and structure-oriented indicators. Extraction Success
Rate measures whether a page produced usable extracted content, defined as output with
extractable text or tables and enough structure for downstream parsing. Pages dominated
by empty content, image placeholders, or unparseable fragments are counted as failures.
Scanned PDF Failures counts those cases among scanned inputs. Image Placeholders
counts non-informative placeholder markers. Structured Tables counts table blocks with



explicit boundaries and parseable rows. Table Captions counts tables with an extracted or
inferred caption. Cross-page Tables counts table reconstructions marked by continuation
across pages. Output Size reports the generated output size, and Usable Lines counts
non-empty extracted lines considered suitable for downstream structuring.

The outputs from both pipelines were inspected to identify extraction failures, loss
of table boundaries, row-column degradation, and ambiguous parameter-value associa-
tions. Because the dataset is not a standardized benchmark and does not include cell-level
ground truth, the results should be interpreted as evidence of structural preservation in the
evaluated documents rather than as general benchmark performance.

5. Results and Discussion

Table 1. Comparison between Docling and the structure-preserving extraction

pipeline.
Metric Docling Proposed
Extraction Success Rate 67% 100%
Scanned PDF Failures 33% 0%
Image Placeholders 38 0
Structured Tables 0 204
Table Captions 0 197
Cross-page Tables 0 26
Output Size (KB) 165.6 150.0
Usable Lines 3,367 4,220

Table 1 summarizes the comparison between Docling and the extraction pipeline
on the evaluated pages. The main difference is structural: the method represents tables
as explicit blocks with captions and continuation markers, while the baseline output often
lacks table boundaries.

The extraction pipeline produced usable output for all evaluated pages. Docling
failed on a subset of scanned inputs, with outputs dominated by non-informative image
placeholders. This behavior is reflected by the 38 image placeholders in the baseline
output and by the scanned PDF failure rate reported in Table 1.

The method identified 204 structured table blocks, assigned captions to 197 of
them, and reconstructed 26 multi-page tables. These counts do not imply cell-level accu-
racy because the dataset does not include table ground truth. They show that the repre-
sentation exposes structural units that can be parsed and stored, whereas the baseline does
not provide explicit table blocks under the same criterion.

Output size and usable-line counts also show different extraction behavior. Do-
cling produced a larger output, but part of this output consisted of repeated headers, for-
matting artifacts, and placeholder text. The extraction pipeline produced a smaller file
while increasing the number of usable lines, suggesting a denser structured representation
in the evaluated documents.

Parameter-value association The reported results should not be interpreted as a cell-
level value fidelity benchmark, since the dataset does not include ground-truth annotations



for each table cell. The relevant evidence in Table 1 is structural: the representation keeps
each extracted row tied to table, caption, page, and section metadata. This design reduces
ambiguity in dense or continued tables, but exact value correctness remains outside the
measured scope.

The results support the central design choice of preserving structure during ex-
traction. In the evaluated manuals, explicit table boundaries, captions, and continuation
markers made tabular content easier to parse and store than a flattened text representation.
This distinction matters because engineering parameters are often meaningful only when
their row, caption, page, and section context remain attached.

The comparison with Docling should be interpreted as a practical contrast with
an OCR/layout conversion pipeline, not as a claim against all document understanding
or VLM-based systems. Docling remains relevant because such tools are common first
choices for PDF conversion. The observed failures show where a structure-preserving
extraction strategy can be useful: scanned pages, dense tables, and layouts in which table
continuation is part of the meaning.

The structured representation also supports downstream querying, but that stage
remains outside the evaluation. The results instead indicate that structural preservation
is an upstream requirement for query-oriented workflows, since errors introduced during
extraction can propagate to later retrieval or query generation steps.

Several trade-offs remain. Prompt-constrained extraction depends on the behavior
of the underlying VLM, and the current implementation was evaluated with Gemini 2.5
Flash. The pipeline is not tied to a specific output API, but changing the VLM would
require revalidating prompt compliance and extraction quality. The sparse relational rep-
resentation accommodates heterogeneous tables, but it does not enforce all column types
or optimize queries as a manually designed schema would. These choices favor flexible
ingestion of manuals from different manufacturers, while leaving broader benchmarking
and query-time evaluation for future work.

5.1. Limitations

The evaluation has four main limitations. First, the dataset contains 60 pages from six
manuals and does not cover the full variability of engineering documentation, including
more degraded scans, diagrams, and complex merged cells. Since pages were selected
rather than sampled from a standardized benchmark, selection bias is also possible. Sec-
ond, the implementation uses Gemini 2.5 Flash, so performance may vary with other
VLMs or under distribution shift. Third, the Markdown representation with custom se-
mantic tags remains vulnerable to malformed generations, even though deterministic val-
idation prevents invalid structures from entering the validated table set. Fourth, the evalu-
ation does not include standardized cell-level metrics, TEDS, additional VLM baselines,
or end-to-end retrieval metrics. The results should therefore be read as evidence of struc-
tural preservation in the evaluated manuals, not as a complete benchmark of document
understanding or question answering.

6. Conclusion

This paper presented a structure-preserving extraction pipeline for engineering manuals.
The approach combines Gemini 2.5 Flash-based page extraction, semantic tags, deter-



ministic validation, row-level context injection, and structured storage to preserve tabular
relationships that are often lost in flattened PDF conversion.

On 60 evaluated pages from six protection-relay manuals, the pipeline produced
usable output for all pages, identified 204 structured tables, assigned 197 captions, and re-
constructed 26 multi-page tables. These results provide evidence of extraction reliability
and structural preservation in the evaluated documents.

Future work should evaluate larger and more diverse manual collections, compare
against additional VLM and table-aware baselines, add cell-level or TEDS-style ground
truth where feasible, and quantify how extraction quality affects downstream structured

querying.
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