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Abstract. The digitisation of cultural heritage collections requires au-
tomated metadata generation to improve resource discovery and reuse.
This paper presents the Content Learning for Metadata Extraction and
Enrichment (CLEAD), a multimodal approach for generating metadata
from illustrations in digitised archaeological diaries. CLEAD combines
illustration detection and segmentation with vision-language and large
language models to generate and enrich illustration descriptions using
page-level textual context. Experiments on the DataLAC and IlluHisDoc
datasets show that integrating visual and textual information improves
the semantic quality and relevance of the generated metadata. These
results demonstrate that CLEAD effectively supports the indexing and
retrieval of visual heritage resources in digital archives and data lakes.
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1 Introduction

Data lakes are widely used to store large, heterogeneous digitised collections,
but storing data alone is insufficient. Without metadata, a data lake becomes a
so-called data swamp that cannot be found or reused [7, 20]. This issue appears
across diverse domains where collection growth outpaces metadata creation [7].

The description of each data entity within a data lake is often created manually
and is therefore time-consuming. Several research studies have proposed machine
learning approaches to support metadata generation [1, 2]. In this paper, we
address the problem of metadata generation for image entities within a data lake,
with the aim of automatically producing image descriptions. In this work, we
focus on a specific type of image, namely hand-drawn illustrations. To the best
of our knowledge, no existing approach is capable of automatically generating
descriptions for hand-drawn illustrations. We selected this particular type of
image because it reflects a real-world challenge encountered in the DataLAC
project, which aims to develop a data lake for organizing, querying, and analyzing
the archaeological archives of a site in Spain [6].
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In the DataLAC project we handle excavation diaries, which mix handwritten
text, drawings and sketches called illustrations. Though Handwritten Text Recog-
nition (HTR) can transcribe texts [16, 18], illustrations remain undescribed. A
vision-language model can caption an illustration, but it doesn’t take into account
the archaeological context (e.g., excavation sector, related artefact) recorded in
the surrounding text (Figure 1).

Fig. 1: Example excavation diary page

Combining visual content with page-level textual information transforms
generic captions into meaningful metadata that supports retrieval and analysis.
This work addresses two questions: how can vision-language models accurately
describe illustrations, and how can these descriptions be enriched with textual
context? To address these questions, we propose the Content Learning for Meta-
data Extraction and Enrichment (CLEAD), an approach that detects, segments,
describes and enriches illustrations through multimodal analysis.

The remainder of this paper is structured as follows. Section 2 reviews related
works. Section 3 presents the CLEAD approach. Section 4 describes two corpus
and an evaluation protocol. Section 5 reports experimental results. Finally,
Section 6 concludes and discusses future research.

2 Related Work

Automatically generating metadata has become a key research direction for
managing large, heterogeneous digital collections. Early approaches relied on
supervised learning, clustering, and topic modeling [3], while more recent work
has shifted toward deep learning and large language models to produce richer,
semantically grounded metadata with less human effort.

In multimodal settings, Boukhers and Bouabdallah [2] combined Bi-LSTM
and Maks R-CNN to extract metadata from mixed- content documents, and He
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and Wang [8] used Bi-LSTM networks to standardise metadata across hetero-
geneous sources. LLM-based frameworks such as AutoDDG [25] and LEDD [1]
further demonstrated that models like GPT and LLaMa can generate structured
metadata directly from raw documents, substantially reducing annotation costs.
For semantic enrichment, Mihindukulasooriya et al. [13] paired large language
models with knowledge graphs to align metadata with domain ontologies, while
Lobo et al. [12] used fondation models to produce human-readable semantic
descriptions. Despite this progress, most existing work targets textual or tabular
content. Automatic description of visual embedded in historical handwritten
documents remains underexplored. ClEAD addresses this gap by combining
vision-language models with page-level transcription context to generate enriched
metadata for illustrations in digitised archaeological diaries.

3 CLEAD Approach

CLEAD consists of three sequential stages that incrementally enrich illustration
metadata: identification and segmentation of visual regions within heterogeneous
page layouts, followed by automated generation of context-sensitive descriptions
linking visual and semantic data to each illustration (Figure 2).

Fig. 2: CLEAD approach: from illustration detection to enriched metadata

3.1 Formalization

The CLEAD approach generates enriched illustration metadata for each page
in a digital collection of archaeological diaries through three sequential steps.
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For any given page, e.g., page number p, the page image is denoted as Ip and
its XML/ALTO transcription as Xp. The progressive development of the final
illustration metadata Mp within CLEAD is formalised by Equation 1.

Mp = GLLM

(
FVLM

(
Sθs(Cθc(Ip))

)
, Xp

)
(1)

In Equation 1, each element below corresponds to a distinct stage of the approach.

1. Illustration Classification Cθc . This initial stage automatically determines
whether a page image Ip contains any illustrations, using a specific classifier
with parameters θc.

2. Illustration Segmentation Sθs . For pages identified as containing illustra-
tions, this stage further isolates and outlines the corresponding illustration
regions by employing a segmentation model with parameters θs.

3. Visual Description and Enrichment FVLM,GLLM. This stage first
utilises a vision-language model FVLM to generate initial visual captions.
Subsequently, a large language model GLLM refines these descriptions by in-
corporating contextual information from the page transcription Xp to ensure
relevance and accuracy.

This formalism captures the full CLEAD approach, from visual detection to
context-aware semantic enrichment of archaeological diary illustrations.

3.2 Illustration Identification and Segmentation

The first stage of CLEAD identifies and localises illustrations on digitised diary
pages using a supervised ResNet classifier [22], which effectively distinguishes
illustrated pages from text-only pages despite challenges such as handwriting
variability and image degradation. Where pages contain illustrations, a U-Net [19]
segmentation model then isolates the precise contours of each illustration, gen-
erating distinct regions that serve as the foundation for subsequent metadata
enrichment, as formalised by

(
Sθs(Cθc(Ip))

)
.

3.3 Visual-Based Illustration Description

CLEAD’s second step creates descriptive metadata for each identified illustration,
focusing on visual content. This stage uses the function FVLM, where advanced
vision-language models, such as BLIP-2 [10], CLIP [17], GIT [23], ViT-GPT2 [14]
and large-scale multimodal systems like LLaVA-1.5 [11], Gemini 2.5 [5] and
GPT-4o [9], automatically generate natural language descriptions that accurately
capture the salient visual characteristics of each illustration. Such models train on
large-scale image and text corpora, which enables CLEAD to produce context-free
captions as the initial layer of metadata. This visually grounded metadata is
critical for effective indexing, retrieval and organisation of illustrations within
extensive digital diary collections.
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3.4 Contextual Enrichment with Page Transcriptions

In the third stage, formalised as GLLM, initial visual descriptions are enriched
with contextual information extracted from page-level transcriptions, including
captions, labels, and XML/ALTO metadata. Gemini 2.5 [5], GPT-4o, GPT-
4-turbo [9], and GPT-3.5-turbo [24] combine visual descriptions with textual
context to generate more precise and interpretable metadata for indexing and
retrieval. By generating visual captions first and enriching them with transcription
data in a second step, CLEAD preserves visual grounding, limits transcription
noise, and ensures compatibility with models that do not support contextual
inputs, while enabling independent evaluation of each stage.

4 Experimental Protocol

4.1 Datasets

To evaluate the effectiveness of the CLEAD approach, experiments are conducted
on two datasets: the DataLAC corpus and the IlluHisDoc benchmark [15].

DataLAC (Archaeological Excavation Diaries) The DataLAC dataset [6]
originates from the digitisation of archaeological archives from the Puig de Sant
Andreu (Ullastret) excavation site12, comprising thirteen excavation diaries writ-
ten between 1947 and 1977 by Miquel Oliva i Prat and collaborators. These
documents mix handwritten notes, sketches, plans, photographs, and technical
observations related to archaeological fieldwork. The digitised collection includes
2,558 scanned pages, of which 563 contain illustrations such as drawings, excava-
tion plans, stratigraphic profiles, artefact representations, and maps. Illustrations
were manually extracted by domain experts, and the dataset provides partial
XML/ALTO transcriptions describing page content and layout.

IlluHisDoc (Historical Document Benchmark) The IlluHisDoc, introduced
by Monnier and Aubry [15], is a public benchmark designed for illustration
segmentation in historical documents. The dataset contains 400 annotated pages
from various manuscript and printed sources, including scientific diagrams, illu-
minations, and mixed-layout documents. Pixel-level annotations enable accurate
evaluation of segmentation methods across diverse document layouts and illus-
tration styles.

4.2 Preprocessing and Training

Stratified splits address class imbalance, and data augmentation is applied through
rotations, scaling, brightness adjustments, and horizontal flips. Polygonal anno-
tations are converted into binary masks for segmentation training. XML/ALTO
1 http://datalac.huma-num.fr/
2 http://www.macullastret.cat/
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files are parsed to extract captions and surrounding text, with relevant sentences
selected based on spatial proximity to illustration regions. Non-English segments
are translated using Helsinki-NLP MarianMT models [21]. ResNet is fine-tuned
from pretrained weights using cross-entropy loss and Adam lr = 10−4 over 3
epochs, while the U-Net architecture is trained with the same loss and Adam
lr = 10−3 for 100 epochs. All experiments ran on a single NVIDIA RTX A6000
GPU (48 GB VRAM), and the implementation is publicly available3.

4.3 Prompting Procedure

State-of-the-art vision–language models are evaluated using a prompt-based
approach without additional fine-tuning. Prompts were designed in collaboration
with archaeologists to produce detailed, factual, and domain-relevant descriptions
(Table 1), and are available in the project repository 3. The evaluated models
– GIT, ViT-GPT2, BLIP-2, CLIP, Gemini 2.5, GPT-4o, and LLaVA-1.5 – are
tested under zero-shot and few-shot settings, with BLIP-2 and CLIP combined
with FlanT5 [4] to improve output quality. For contextual enrichment, visual
descriptions and XML/ALTO metadata are provided to Gemini 2.5, GPT-4o,
GPT-4-turbo, and GPT-3.5-turbo through dedicated prompts.

Table 1: Prompting Protocol in Visual Description
Model Zero-shot Few-shot Prompt

Git ✓ ✓ Prompt 1 and 2 and 4
ViT-GPT2 ✓ ✓ Prompt 1 and 2 and 4

BLIP-2 ✓ ✓ Prompt 1 and 2 and 4
CLIP ✓ ✓ Prompt 1 and 2 and 4

Gemini 2.5 ✓ × Prompt 1 and 2
GPT-4o ✓ × Prompt 1 and 2

LLaVA-1.5 ✓ ✓ Prompt 1 and 3

4.4 Evaluation Metrics

To evaluate the performance of CLEAD, we use a combination of quantitative
metrics and qualitative expert assessment, reflecting the different tasks involved
in the approach.

For illustration classification, we report precision, recall, and F1-score. For
segmentation, we use the Dice coefficient, mean Intersection over Union (mIoU),
and pixel accuracy. As the CLEAD approach includes generative description
and contextual enrichment stages, metadata quality is assessed through expert
evaluation. Archaeological specialists evaluated the outputs according to visual
accuracy, archaeological relevance, contextual consistency, and usefulness for
3 https://git.msh-lse.fr/rajaeel-idrissi/clead-approach
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indexing and retrieval. The protocol, designed in collaboration with domain
experts, was applied to 34 illustrations for visual description and 14 illustrations
for contextual enrichment. Experts examined both the illustrations and their
associated transcriptions before selecting the most relevant model output based
on overall quality, accuracy, and interpretability.

5 Results and Discussion

5.1 Visual Description

Both model architecture and prompting strategy significantly influence the qual-
ity of generated visual descriptions. On DataLAC, smaller models such as GIT
and ViT-GPT2 fail to produce accurate archaeological descriptions even with
few-shot prompting, indicating limited generalisation to this domain. BLIP-2
and CLIP combined with FlanT5 generate more relevant and context-specific
descriptions, particularly when expert examples are included in the prompts.
Among large multimodal models, Gemini 2.5 and GPT-4o consistently produce
the richest descriptions when using structured prompts, effectively capturing the
salient visual characteristics of each illustration such as drawing type, layout,
visible annotations, and possible archaeological context. LLaVA with few-shot
Prompt 3 also produces results comparable to archaeologist-written descriptions.
Expert evaluation confirms these findings, with Expert 1 unanimously selecting
Gemini 2.5 and Expert 2 unanimously selecting GPT-4o as the most coherent,
informative, and contextually appropriate model across all 34 evaluated illustra-
tions. Results on IlluHisDoc further confirm that prompt engineering and model
selection are critical factors, with GPT-4o combined with a structured descriptive
prompt producing the most accurate and informative descriptions by effectively
distinguishing illustrations from surrounding textual content.

Prompt 1: Expert Prompt for Visual Description
You are an archaeological archivist. Describe this illustration in detail: 1. What
objects or scenes are shown?
2. Drawing style and technique
3. Any visible text or labels
4. Likely archaeological context
5. Purpose of the drawing. Be factual and detailed.

5.2 Contextual Enrichment

The contextual enrichment experiments demonstrate that combining page tran-
scriptions with visual descriptions significantly improves the semantic quality
of the generated metadata. Across all evaluated models – Gemini 2.5, GPT-4o,
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(a) Original page
image

(b) Segmented
illustration

(c) Initial visual description.
Sketch of the profile of both sides
of the corner walls of the cabin on
the eastern slope.

(d) Contextually enriched description.
The image appears to be a detailed sketch depicting the profile of both sides of the
corner walls of a cabin situated on the eastern slope. The drawing likely illustrates
the structural design and architectural elements of the cabin’s corner, focusing
on how the walls intersect and form the angle. Despite the caption being absent,
the sketch serves to provide visual insight into the construction and layout of this
specific part of the cabin. Positioned at coordinates (94, 746) with dimensions
measuring 2694 × 1439, the illustration may be intended for architectural planning.

Fig. 3: Example of the CLEAD Approach: from illustration detection to enriched
description. Starting from a digitised historical document (a), the U-Net segmen-
tation model isolates the illustration region (b). A vision–language model then
produces an initial visual description (c), subsequently enriched with archival
context (d).

Prompt 1: Expert Prompt for Enriching with Context
Input contains English + Spanish/Catalan. Output English only.
Description (English): Visual Description
Metadata (Catalan/Spanish): Paper context
Enrich description with metadata. Output English only.

GPT-4-turbo, and GPT-3.5-turbo – both enrichment prompts produce high-
quality outputs, though with notable differences. While Prompt 2 generates more
elaborate interpretations incorporating broader archaeological context, Prompt 1
provides clearer and more concise descriptions better aligned with expert archae-
ological documentation practices. GPT-4o achieves the best overall performance,
selected by the expert in 13 out of 14 cases (92.9%), confirming its superior
ability to integrate visual and textual cues into coherent and contextually relevant
metadata. Gemini 2.5 and GPT-4-turbo produce no satisfactory outputs, while
GPT-3.5-turbo is selected in only one case, highlighting the importance of model
capability for this task. As illustrated in Figure 3, the enrichment stage refines
the initial visual description by incorporating contextual information from the
page transcription. GPT-4o again produces the most coherent enriched descrip-
tions on IlluHisDoc, though some limitations remain in generating numerical
measurements and spatial dimensions.
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6 Conclusion and Future Work

This paper presents CLEAD, an approach for the automatic generation of enriched
metadata. By combining vision-language models with page transcription context,
CLEAD produces more informative and semantically meaningful metadata than
visual analysis alone. Experiments on the DataLAC and IlluHisDoc datasets
show the effectiveness of integrating visual and textual information for improving
metadata quality and supporting the indexing and retrieval of visual heritage
resources. Future work will focus on incorporating domain knowledge and expert
validation mechanisms to further enhance metadata accuracy and reliability.
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