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Abstract

Title-blocks in engineering drawings contain essential
metadata, but automated interpretation remains difficult
because of historical scans and heterogeneous layouts.
This paper presents a vision-language model (VLM)-
based workflow for title-block detection and structured
information extraction using the open-source Qwen2.5-
VL backbone. The workflow combines promptable visual
grounding on full drawings with schema-constrained
extraction from cropped title-block images. The study
focuses on three representative fields: scale, drawing
name, and route. Results show promising performance for
both tasks and indicate that open-source VLMs can
provide a simplified alternative to conventional multi-
stage pipelines for architecture, engineering, and
construction (AEC) document analysis.

Introduction

Engineering drawings remain a central information
carrier throughout architecture, engineering, and
construction (AEC) workflows. Despite the increasing
adoption of digital design tools, large volumes of legacy
drawings, often available only as scanned images, are still
routinely accessed for maintenance, renovation,
compliance checking, and digital asset management.
Within these drawings, the title-block plays a critical role,
as it encodes essential metadata such as the drawing title,
scale, drawing number, creation date, author, and
responsible organizations, making reliable extraction
important for indexing, version control, and building
information modeling (BIM) integration.

However, automated extraction of title-block information
remains challenging in practice. Historical scans often
exhibit low image quality, heterogeneous layouts, and
inconsistent typography. Engineering drawings are
visually complex documents in which textual content is
embedded in spatially structured layouts and mixed with
graphical elements, making reliable parsing difficult
(Khan et al., 2025; Wang et al., 2024). Moreover, many
older drawings contain handwritten or semi-structured
annotations, further complicating recognition. While
modern optical character recognition (OCR) systems
perform well on clean, machine-printed text, their
performance can decline for handwritten engineering-
drawing content and under challenging imaging
conditions (Peng et al., 2023; Peng et al., 2026).

To address these challenges, existing approaches to
engineering drawing information extraction have often
relied on rule-based heuristics or multi-stage learning
pipelines. Rule-based methods often require manual
customization and may become less robust when layouts
deviate from expected templates (G6lzhéuser et al., 2023;
Faltin et al., 2024). More recent data-driven approaches
often adopt detector-based pipelines, sometimes
augmented with large language models (LLMs) or vision-
language models (VLMs) for post-processing and
reasoning (Lombardi et al. 2025). While such hybrid
solutions can improve extraction accuracy, they often
involve complex multi-model workflows, may depend on
proprietary components, and can require additional
adaptation when applied to new document styles,
particularly in privacy-sensitive AEC environments.

Recent advances in VLMs suggest that such models can
align visual content with textual queries and generate
structured outputs from complex images (Li et al., 2025;
Shinde et al., 2025). However, their use for engineering
drawings remains limited, particularly for workflows that
employ the same open-source VLM backbone family for
both title-block localization and structured information
extraction. This gap motivates the VLM-based workflow
proposed in this paper.

In this paper, we investigate a VLM-based workflow for
title-block detection and structured information extraction
using the open-source Qwen2.5-VL backbone. The two
tasks are fine-tuned and evaluated separately: detection is
formulated as promptable visual grounding on full
engineering drawings, while extraction is performed on
cropped title-block images. By using the same backbone
family in both stages, the workflow avoids a
heterogeneous multimodal toolchain and reduces pipeline
complexity. Experimental results on bridge engineering
drawings show promising performance and motivate
further study of open-source VLMs for AEC document
understanding.

Related Work

Engineering Drawing Information Extraction

Engineering drawing information extraction has attracted
attention for decades, particularly due to the need for
digitization and archival management (Scheibel et al.,
2021; Kashevnik et al., 2023). Early work focused on



title-block localization and metadata extraction, a key step
for indexing and retrieval from technical drawing archives
(e.g., Najman et al., 2001). Traditional OCR-based
pipelines often combine optical character recognition
with layout-dependent heuristics, geometric rules, and
manually designed templates to locate and crop title-
blocks before field-level text recognition and cleaning
(e.g., Ondrejcek et al., 2009). While often effective on
standardized layouts, such methods may become less
reliable on diverse templates and degraded scans. More
recent work has explored hybrid pipelines that integrate
detection models with LLMs to improve both localization
and structured extraction on complex or noisy drawings
(Lombardi et al., 2025).

Multi-model-based Pipelines

To overcome the limitations of rule-based systems, recent
work has adopted learning-based pipelines that combine
object detection with OCR. In such approaches, detectors
such as You Only Look Once (YOLO) (Khanam and
Hussain, 2024) or Faster R-CNN (Liu et al., 2017) are
used to localize regions of interest, followed by text
recognition and post-processing (Faltin et al., 2024).
More recently, LLMs and VLMs have been integrated
with visual pipelines to improve semantic interpretation
and schema mapping (Li et al., 2019; Huang et al., 2022;
Lombardi et al., 2025). Although such pipelines can
improve accuracy, they often involve multiple
interconnected components, which may increase
deployment and maintenance effort.

VLMs in Document Understanding

Recent advances in VLMs support visual-text alignment
and structured output generation from complex images.
Models such as LayoutLM have shown strong
performance in document understanding and information
extraction by jointly modeling text and visual features (Xu
et al, 2020; Xu et al.,, 2021; Huang et al., 2022).
Benchmarks such as DocVQA further validate the
usefulness of joint visual-textual representations in
complex document tasks (Mathew et al., 2021). More
recently, general-purpose VLMs such as GPT-4 and
Qwen-VL have extended these capabilities beyond
document-specific architectures and support prompt-
based visual grounding, multimodal reasoning, and
flexible output generation (Achiam et al., 2023; Bai et al.,
2025). However, their use for engineering drawings
remains limited, particularly for workflows that employ
the same open-source VLM backbone family for both
title-block localization and structured information
extraction. This gap motivates the VLM-based workflow
proposed in this paper.

Methodology

Overall Workflow

We propose a VLM-based workflow for title-block
detection and structured information extraction using the
same Qwen2.5-VL backbone family for both tasks, as
shown in Figure 1.

At inference time, the workflow operates in two
prompting steps. First, the complete engineering drawing
is prompted to localize the title-block via visual
grounding. Second, the cropped title-block region is
prompted to extract structured information. This design
avoids the use of standalone detectors or OCR engines
within the proposed workflow.

[ 1
Full Engineering Drawing
(Bridge Drawing Image)

Prompt 1:

"Locate the title-block (Plankopf)

and output bounding box in JSON"
v

Qwen2.5-VL-3B (Title detection model)
Promptable Visual Grounding

Output:

{"Plankopf": [[x1, y1, x2, y2]]}

| Crop using predicted bbox
v

[ 1
Cropped Title-Block Region

Prompt 2:
"Extract the following fields:
MafBstab (Scale), Zeichnungsname (Drawing
name), Strecke (route)"
v

[ 1
Qwen2.5-VL-3B (Information extraction model)

Structured Information Extraction
Output (Key—Value Schema):
Mafstab: ...

Zeichnungsname: ...
Strecke: ...

Figure 1: Overview of the proposed VLM-based workflow with
separate task-specific stages for detection and structured
extraction.

Title-Block Detection via Promptable Visual
Grounding

Instead of training a standalone object detector, we
formulate title-block localization as a promptable visual
grounding task within a VLM. Given a full engineering
drawing, the model receives the image together with a
natural-language instruction (e.g., “locate the title-block”
or “locate the Plankopf™) and directly outputs bounding-
box coordinates in a structured JSON format.

This formulation avoids detector-specific training
pipelines and allows localization targets to be specified
flexibly through language. By performing localization
within the same VLM backbone family used for the
extraction stage, the predicted bounding boxes can be
directly used to crop the title-block region for subsequent
processing.

To support multilingual engineering documentation, we
employ both English (“title-block”) and German
(“Plankopf”) prompts during training and inference and
observe consistent grounding performance under both
formulations.



Structured Information Extraction

Following title-block detection, the cropped region is re-
prompted to perform structured information extraction.
We formulate this step as a prompt-based generation task,
where the model is instructed to extract metadata fields
and return them in a fixed key—value schema. In this
study, we focus on three representative attributes
commonly present in title-blocks of bridge engineering
drawings, namely scale (Mafstab), drawing name
(Zeichnungsname), and route (Strecke), as an initial step
toward broader metadata extraction.

By explicitly constraining both the target attributes and
the output format in the prompt, the model is used to
perform OCR-like text recognition and semantic
interpretation within a single prompted inference step,
without relying on rule-based parsing or post-processing.
This design supports structured extraction across layout
variations and mixed printed-handwritten content
commonly found in historical engineering drawings.

Model Fine-Tuning Strategy

To adapt the pre-trained VLM to the domain of
engineering drawings, we apply parameter-efficient fine-
tuning based on Low-Rank Adaptation (LoRA). While
Qwen2.5-VL-3B-Instruct provides strong general-
purpose visual and textual understanding, engineering
drawings differ substantially from natural images in terms
of visual structure, symbol usage, and domain-specific
terminology. Fine-tuning is therefore used to better
address this domain gap and improve performance in title-
block detection and metadata extraction.

During fine-tuning, the vision tower is frozen to preserve
stable low-level visual representations learned during
large-scale pre-training. Trainable LoRA adapters,
together with the multimodal projection layer, are
introduced into the language model component to
specialize the model for domain-specific tasks. This
strategy significantly reduces the number of trainable
parameters and the computational cost, while still
supporting practical adaptation under limited annotated
data. Although both tasks use the same Qwen2.5-VL-3B-
Instruct backbone family, they are fine-tuned separately
because they differ in input granularity, output format,
and supervision type: detection uses full drawings with
box-level supervision, whereas extraction uses cropped
title-block images with field-level supervision.

Dataset and Annotation

Dataset Overview

For title-block detection, we use 500 full bridge
engineering drawings with box-level title-block
annotations for training and validation, comprising 450
training drawings and 50 validation drawings. In addition,
an independent test set of 64 full engineering drawings,
separate from the training and validation data, is used for
evaluation.

For structured information extraction, we use a crop-level
development dataset of 467 title-block images for training
and validation, comprising 420 training samples and 47

validation samples. In addition, evaluation is conducted
on two independent crop-level test sets consisting of 50
machine-printed and 50 handwritten title-block crops,
respectively. These test sets are separate from the
development data.

The dataset exhibits substantial variation in layout,
typography, and image quality. Machine-printed title-
blocks often contain denser information, tabular
structures, and standardized fonts, whereas handwritten
title-blocks typically have simpler layouts but introduce
challenges such as writing-style variability, fading ink,
and scanning artifacts. Together, these categories support
evaluation across both contemporary and legacy
engineering documents.

Annotation Schema

Each sample is annotated at two complementary levels for
detection and information extraction.

"image": "<image>",
"conversation": [

"role": "user",

"content": "Locate the Plankopf (title-block) in this
image and output its bounding-box coordinates in JSON
format."

15
"role": "assistant",
"content": "{\"Plankopf\": [[965, 1090, 1268, 1262]]}"

Figure 2: Example annotation of title-block detection.

{
"image": "<image>",
"conversation": [
{
"role": "user",
"content": "Please extract the following information
from the image and output it in the specified
format:\nMafBstab:\nZeichnungsname:\nStrecke:"

s

f
1
nwon

"role": "assistant",

"content": "Malstab: 1:50\nZeichnungsname:
Widerlager Achse 20\nStrecke: Hamburg — Berlin, km
0,628"

]

Figure 3: Example annotation of structured information
extraction.

First, box-level annotations define the spatial extent of the
title-block within the full engineering drawing, as
illustrated in Figure 2. For this task, the model is prompted
to locate the title-block, and the corresponding ground-
truth response provides rectangular bounding-box
coordinates in JSON format. These annotations are used



to supervise and evaluate title-block localization
performance.

Second, field-level annotations specify the ground-truth
values for three target metadata attributes, namely scale,
drawing name, and route within the title-block, as
illustrated in Figure 3. Given a cropped title-block image,
the model is instructed to extract these attributes and
return them in a fixed key—value schema.

By representing both detection and extraction annotations
as conversational image-text pairs with structured
outputs, the dataset enables direct supervision of
heterogeneous tasks within the same VLM backbone
family. This design reduces the need for task-specific
post-processing rules or layout assumptions and
facilitates the combined use of the two models at
inference time.

Experiments and Results

Experimental Setup

We evaluate the proposed VLM-based workflow on two
related tasks: title-block detection and structured
information extraction. Both tasks use the same Qwen2.5-
VL-3B-Instruct backbone family but are fine-tuned
separately because they differ in input granularity and
output targets. During preliminary development, we
explored a small set of LoRA configurations and selected
the final settings based on stable convergence and
validation performance. For title-block detection, the final
LoRA configuration used rank 32, scaling factor 16, and
dropout 0.05. For structured information extraction, the
final configuration used rank 32, scaling factor 64, and
dropout 0.05. The model was optimized using AdamW
with an initial learning rate of 1 x 107, a cosine learning-
rate scheduler, and 70 warmup steps. Mixed-precision
training with bfloat16 (bf16) was used to reduce memory
consumption. For title-block detection, the model was
fine-tuned for 8 epochs, and the best-performing
checkpoint was selected based on validation loss. For
structured information extraction, the final checkpoint
was selected after 4 epochs, consistent with the observed
validation-loss minimum around the fourth epoch.

Baselines

For title-block detection, we compare the fine-tuned
Qwen2.5-VL-3B-Instruct model against two references:
(1) YOLOvll-medium as a conventional detector
baseline and (2) zero-shot Qwen2.5-VL-3B-Instruct
without task-specific fine-tuning. All models are
evaluated on the same 64-drawing test set using precision,
recall, F1, and mean IoU at an IoU threshold of 0.5.

For structured information extraction, we compare the
fine-tuned Qwen2.5-VL-3B-Instruct model against the
corresponding zero-shot configuration without task-
specific fine-tuning. Both models are evaluated on the
same crop-level test sets of machine-printed and
handwritten title-block images using Word Accuracy
(WA) and Character Accuracy (CA). Per-field results are
additionally reported for Malistab, Zeichnungsname, and
Strecke.

Title-Block Detection

We evaluate title-block detection using precision, recall,
F1, and mean Intersection over Union (IoU) at an IoU
threshold of 0.5. Predictions above the threshold are
counted as true positives (TP), lower-overlap detections
are treated as false positives (FP), and missed title blocks
are treated as false negatives (FN).

Table 1: Comparative Performance for Title-Block

Localization
Fine-tuned Zero-shot
Metric Qwen2.5- Yggg;’éll Qwen2.5-
VL-3B VL-3B
Precision 93.8% 91.0% 0.0%
Recall 93.8% 95.3% 0.0%
F1 93.8% 93.1% 0.0%
Mean IoU 0.871 0.951 -
TP 60 61 0
FP 4 6 0
FN 4 3 64
Val%‘;g‘ﬁate 100% 98.4% 100%

Table 1 compares the fine-tuned Qwen2.5-VL-3B-
Instruct model with the YOLOv11-medium baseline and
the zero-shot Qwen2.5-VL-3B-Instruct baseline on the
64-drawing test set. The fine-tuned Qwen model achieves
93.8% precision and 93.8% recall, with an F1 score of
93.8% and a mean IoU of 0.871. This performance is
comparable to YOLOv11-medium (F1=93.1%), although
YOLO yields a higher mean IoU (0.951). YOLO
produced a small number of duplicate or mislocalized
predictions, which explains why the number of detections
exceeded the number of test images. In contrast, the zero-
shot Qwen model does not localize title blocks
successfully in this setting, despite producing
syntactically valid structured outputs. This highlights the
importance of domain-specific  fine-tuning  for
engineering drawings.

Figure 4: Representative result of title-block detection.
Comparison between ground-truth annotation (red) and model
prediction (blue).

For comparison, YOLO detections were converted into
the same structured output format. The fine-tuned Qwen
achieved a 100% output validity rate, meaning that valid
structured outputs were generated for all test samples. As
shown in Figure 4, the predicted bounding box closely



aligns with the ground-truth annotation in a representative
drawing. Most detection failures occur in cases with
unconventional title-block placement, severe visual
degradation, or ambiguous boundaries between the title
block and adjacent tabular regions. In a smaller number of
cases, visually similar tabular areas are mistaken for title
blocks, or the predicted box only partially covers the true
title-block extent, leading to IoU values below the
acceptance threshold.

Structured Information Extraction

To evaluate structured information extraction, we report
both Word Accuracy and Character Accuracy, which
capture complementary aspects of extraction quality. The
metrics are computed directly on the extracted key-value
outputs by comparing each predicted field value with the
corresponding ground-truth value, without additional
post-processing, normalization, or special handling of
empty fields. Word Accuracy reflects semantic-level
correctness and sensitivity to word-boundary errors, while
Character Accuracy provides a more fine-grained
assessment of character-level robustness.
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Figure 6. Example of predominantly handwritten title-block.
(Sensitive project-specific information has been anonymized
for confidentiality.)

We evaluate extraction performance on two independent
crop-level test sets constructed from ground-truth title-
block crops, as described in the Dataset Overview. One
set contains 50 machine-printed title-blocks with dense
layouts (Figure 5), and the other contains 50

predominantly handwritten title-blocks with relatively
simple layouts but diverse handwriting styles (Figure 6).
These results reflect crop-level extraction performance
and are reported independently of the upstream detection
stage. All results reported in this section correspond to the
final configuration selected based on validation
performance, as described in the Experimental Setup.

On the machine-printed title-block test set, the fine-tuned
model achieves a WA of 0.78 and a CA of 0.76. On
handwritten title-blocks, higher performance is observed,
with WA reaching 0.83 and CA reaching 0.86. These
results indicate promising extraction accuracy for both
modern and historical title-block images.

Table 2: Comparative performance for structured information
extraction on handwritten title-block crops (Field 1: Mafistab;
Field 2: Zeichnungsname, Field 3: Strecke).

Metric Fine-tuned Zero-shot
Qwen2.5-VL-3B Qwen2.5-VL-3B
Field 1 WA 0.9474 0.6023
Field 1 CA 0.9495 0.5865
Field 2 WA 0.7216 0.1868
Field 2 CA 0.8479 0.4320
Field 3 WA 0.8545 0.2836
Field 3 CA 0.8671 0.3536

To assess the effect of domain-specific adaptation in more
detail, we further compare the fine-tuned Qwen model
with the corresponding zero-shot configuration at the field
level. Tables 2 and 3 report per-field WA and CA for the
three target attributes (Mafstab, Zeichnungsname, and
Strecke) on handwritten and machine-printed title-block
crops, respectively.

Table 3: Comparative performance for structured information
extraction on machine-printed title-block crops (Field 1:
Mafistab; Field 2: Zeichnungsname, Field 3: Strecke).

Metric Fine-tuned Zero-shot
Qwen2.5-VL-3B Qwen2.5-VL-3B
Field 1 WA 0.9900 0.5721
Field 1 CA 0.9892 0.5510
Field 2 WA 0.7132 0.1716
Field 2 CA 0.7510 0.3217
Field 3 WA 0.7398 0.2520
Field 3 CA 0.7117 0.3061

Per-field analysis reveals a clear difference in extraction
difficulty across the three target attributes. Mafstab is
consistently the easiest field, achieving the highest WA
and CA in both handwritten and machine-printed title-
blocks. This is likely due to its short and highly regular
format. Zeichnungsname is the most challenging field,
especially at the word level, which can be attributed to its
greater length, frequent line breaks, and higher sensitivity
to surrounding layout complexity. Strecke shows
intermediate  difficulty, although its performance
decreases substantially in machine-printed title-blocks,



suggesting that dense tabular layouts and closely
positioned neighboring text increase ambiguity in field
boundaries. Across all three fields, the fine-tuned model
substantially outperforms the corresponding zero-shot
baseline, highlighting the importance of domain-specific
adaptation for engineering drawings.

The higher overall extraction accuracy on handwritten
title-blocks is consistent with the per-field comparison.
Although MalBstab achieves slightly better results in
machine-printed title-blocks, both Zeichnungsname and
Strecke are extracted more accurately from handwritten
samples. This indicates that, for these semantically richer
fields, layout simplicity and reduced visual clutter may be
more important than text regularity alone. By contrast,
machine-printed title-blocks often contain denser tabular
structures and more closely positioned text elements,
which increase ambiguity in field boundaries and make
extraction more difficult, especially for drawing names
and route-related content.

Maf3stab (scale): 1:20, 1:50

Zeichnungsname (drawing name): Erstellung EU
Schalplan Widerlager Achse 20

Strecke (route): ...Stadt km ...28

Figure 7: Representative result of structured information
extraction for a machine-printed title-block, corresponding to
the title-block shown in Figure 5.

Mafstab (scale): 1:1000, 1:100

Zeichnungsname (drawing name): Eisenbahniiberfiihrung
tiber den Stidkanal Ubersicht
Strecke (route): Berli...ona, km ...

Figure 8: Representative result of structured information
extraction for a predominantly handwritten title-block,
corresponding to the title-block shown in Figure 6.

Figures 7 and 8 present representative qualitative
examples of structured information extraction on
machine-printed and  handwritten title-blocks,
respectively. In each example, the model correctly
identifies and extracts multiple metadata fields, including
scale, drawing name, and route, despite variations in
layout, typography, and content density.

Overall, the results indicate that a fine-tuned VLM can
support OCR-like text recognition and structured
information extraction for title-block content without
relying on external OCR engines or rule-based post-
processing. This highlights the practical potential of the
proposed VLM-based workflow for engineering
document analysis.

Small-Scale Pipeline Evaluation

We additionally evaluated the workflow on 20 real full
bridge engineering drawings on an NVIDIA RTX A5000
GPU with 24 GB of memory. The set reflects challenging
and practically relevant legacy-archive conditions,
including dark, speckle-noisy scans and mixed machine-
printed layout fields with handwritten technical
annotations. Title-block detection achieved

Precision/Recall/F1 = 85%/85%/85%, with a mean IoU of
0.633. On the corresponding 20 title-block crops,
extraction from ground-truth crops achieved a WA of
0.6458 and a CA of 0.7475, whereas extraction from
Qwen-predicted crops achieved a WA 0f 0.6771 and a CA
of 0.7712. Per-field trends remained consistent with the
main benchmark: Malstab was the easiest field,
Zeichnungsname the most difficult, and Strecke
intermediate. Notably, extraction from Qwen-predicted
crops did not lead to a performance drop in this small-
scale evaluation and even showed slightly higher WA and
CA, suggesting that the predicted boxes were sufficiently
accurate for downstream extraction and may, in some
cases, reduce surrounding visual clutter. The average
runtime was 2.97 s per drawing for title-block detection
and 8.91 s per title-block crop for structured information
extraction, with peak allocated GPU memory below 10
GB in all settings. These results indicate that the workflow
is practically feasible for offline archive-style processing
on a 24 GB-class GPU.

Discussion and Limitations

The experimental results indicate that the same open-
source VLM backbone family can be used for both title-
block detection and structured information extraction on
engineering drawings. Unlike conventional detector-
based pipelines, the proposed VLM-only workflow uses
the same VLM backbone for both localization and
interpretation, reducing system complexity while
showing promising performance across heterogeneous
drawing styles. In the present study, the two tasks are fine-
tuned separately and combined at inference time.

One factor that may contribute to this behavior lies in the
nature of title-blocks themselves. Although title-blocks
exhibit substantial variation in layout, typography, and
language across organizations and time periods, they are
typically semantically well-defined regions that encode
standardized metadata. Promptable visual grounding may
help the model leverage semantic cues rather than relying
solely on geometric or appearance-based patterns, which
may contribute to localization performance even under
unconventional layouts or degraded scan quality. This
differs from traditional object detectors, which may
require additional adaptation under distribution shifts or
limited training samples.

Another advantage of the proposed approach is the
conceptual consistency between detection and extraction
through the same VLM backbone and prompt-based
interaction paradigm, which may reduce intermediate
conversions and error propagation in multi-stage
workflows.

The information extraction results further indicate that the
model shows promising performance across different
title-block styles. Higher accuracy is observed on
handwritten title-blocks, which can be attributed to their
typically simpler layouts and lower information density
compared with modern machine-printed title-blocks. In
contrast, printed title-blocks often contain dense tables,
multiple scale entries, and additional graphical elements,
increasing extraction complexity. These observations



suggest that layout complexity may be an important
challenge, in addition to handwriting, for structured
extraction in engineering drawings.

From a practical perspective, the proposed VLM-only
workflow offers several potential advantages for
deployment in AEC environments. The use of a single
open-source model reduces engineering overhead,
improves reproducibility, and facilitates on-premise
deployment, which may be beneficial in contexts
involving privacy, regulatory compliance, and long-term
maintainability. These properties may make the approach
relevant for real-world engineering archives, where
heterogeneous document collections and limited
annotation budgets are common.

Despite its promising performance, the proposed
workflow has several limitations. First, the current study
focuses on three representative metadata fields, namely
scale, drawing name, and route, which, while practically
relevant, do not cover the full range of information present
in title-blocks. Extending the schema to additional fields,
such as drawing numbers, revision indices, dates, and
responsible  organizations would further improve
applicability.

Second, although promptable visual grounding performs
well on most drawings, detection errors still occur in edge
cases involving unconventional layouts, severe visual
degradation, or ambiguous title-block boundaries.
Addressing such cases may require additional contextual
prompts, multi-step reasoning, or lightweight layout
priors.

Third, the workflow does not explicitly handle non-
textual elements commonly found in engineering
drawings, such as stamps, signatures, symbols, or
dimension annotations. Integrating symbol understanding
or multimodal reasoning over graphical primitives
remains an open challenge.

Finally, the current dataset is limited to a bridge-
engineering context, and broader generalization to other
engineering domains, regions, and historical conventions
remains to be validated. While the small-scale pipeline
evaluation (n = 20) provides encouraging results,
systematic validation on a larger full-drawing test set is
still needed. Future work will therefore examine the
complete workflow on full drawings using predicted title-
block localization, extend the approach to other drawing
domains such as buildings, Mechanical, Electrical, and
Plumbing (MEP) systems, and other infrastructure types,
and investigate broader baseline comparisons, including
detector-plus-OCR  pipelines or document-specialized
models. Extending the workflow to new domains will
likely require additional domain-specific data at both
stages, including full-drawing box annotations for title-
block localization and crop-level key-value annotations
for structured extraction, as well as adaptation of the
target metadata schema, prompt design, and task-specific
fine-tuning. Larger-batch throughput analysis beyond the
current single-sample sequential runtime setting also
remains future work.

Conclusions

This paper shows that a single open-source VLM
backbone family can provide a promising basis for unified
title-block detection and structured information extraction
in engineering drawings. By formulating title-block
detection as a promptable visual grounding task and
performing metadata extraction through prompt-based
generation, the proposed approach combines detection
and interpretation within a VLM-based workflow built on
the same backbone family without relying on standalone
detectors or external OCR engines.

The results across modern and historical drawings
indicate that VLM-based approaches show promising
performance across heterogeneous layouts and visual
conditions, suggesting their potential for broader use in
engineering document analysis workflows.

Overall, this work highlights the potential of open-source
VLMs as a simplified and reproducible alternative to
conventional multi-model pipelines for engineering
drawing understanding. It also offers a useful starting
point for future research on richer metadata schemas,
deeper semantic understanding, and scalable digitization
of engineering archives using open-source VLMs.

Data and Code Availability

The study uses the publicly available Qwen2.5-VL model
(https://huggingface.co/Qwen/Qwen2.5-VL-3B-
Instruct). The base architecture was not modified. The
engineering drawing dataset is confidential but may be
shared upon reasonable request for non-commercial
research purposes, subject to institutional approval.
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