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Abstract

Cultural artifact classification supports preservation, schol-
arship, and anti-trafficking enforcement, but computational ap-
proaches face severe data scarcity: limited labeled collections,
inconsistent metadata, and complex annotation requirements. We
present a methodology for large-scale dataset creation from ag-
gregated heritage platforms that combines cultural marker ex-
traction from unstructured text descriptions, cross-lingual query-
ing across multiple European languages, visual clustering using
self-supervised features, and collection-aware data splitting. Ap-
plied to Europeana, this produced datasets ranging from 33,859
to 310,252 objects across 6 to 62 classes of varying granular-
ity. Visual clustering removed 34% of noisy content while en-
abling fine-grained subcategories. A k-nearest-neighbor probe of
the resulting feature space revealed that 79.5% of nearest neigh-
bors share the same institutional source. This nearly matches the
83.0% same-civilization rate, indicating that institutional signa-
tures are almost as dominant as cultural content. We quantify this
bias per civilization and propose collection-aware splitting as a
necessary countermeasure for realistic evaluation.

Introduction

Cultural artifacts provide important insights into human-
ity’s past. They reflect artistic practices, technological develop-
ments, and social structures across civilizations. Effective clas-
sification of such artifacts (determining place of origin, time pe-
riod, and cultural context) is valuable for scholars, conservators,
law enforcement combating illicit trafficking, and cultural institu-
tions [1, 2]. A representative use case arises at border crossings,
where customs officers intercept suspicious objects and must de-
termine geographic origin and age to assess whether an offense
has occurred. Such assessments typically require expert knowl-
edge that is rarely available on site. Computational approaches
have emerged to support analysis and classification at scale, as-
sisting non-experts in initial provenance assessments [3, 4] and
enabling large-scale analyses of cultural collections [5, 6].

Data Scarcity Challenges

Progress in computational heritage is hindered by fundamen-
tal data scarcity [7]. Cultural artifacts are limited in quantity, with
many lost to time or dispersed across institutions [8, 9]. Access
is frequently restricted by institutional policies, preservation con-
cerns, and copyright [10, 11, 12]. Furthermore, accurate annota-
tion requires specialized domain knowledge spanning art history,
archaeology, and cultural studies [13, 14], making large-scale la-
beling prohibitively expensive [15].

Existing datasets tend toward narrow geographic or tempo-
ral scopes: Examples include the AlgHeritage collection (20,000
Algerian monuments) [16], ImageOP (1,613 Brazilian religious
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buildings) [17], and Karnataka inscriptions (1,748 objects) [18].
Meanwhile, aggregation platforms like Europeana contain over
50 million digitized objects, yet the vast majority remain compu-
tationally inaccessible due to inconsistent metadata standards and
multilingual descriptions that limit discoverability [19]. When fil-
tering for records with complete structured metadata in culturally
relevant fields, pre-16th century dating, and image availability,
fewer than 0.1% of Europeana’s records met our criteria for cul-
tural artifact classification.

Contributions
This paper presents a methodology to overcome these limi-
tations through the following contributions:

1. A multi-strategy approach combining text mining for cul-
tural markers, cross-lingual querying, and visual feature
clustering to create large-scale heritage datasets from aggre-
gated platforms with inconsistent metadata.

2. Multiple dataset variations from the Europeana platform,
ranging from 33,859 to 310,252 objects across 6 to 62
classes.

3. Quantitative evidence of institutional collection bias via k-
nearest-neighbor analysis of the visual feature space, and
a collection-aware splitting methodology to enable realistic
evaluation.

Related Work

Researchers have developed several approaches to mitigate
data scarcity in cultural heritage, though most remain limited
in scale. Custom dataset creation efforts include the AlgHer-
itage dataset for Algerian monuments [16], ImageOP for Brazil-
ian churches [17], CULTURE3D for 3D landmarks [20], and
Art500K for artworks [21, 22]. These are valuable but focus on
narrow geographic or temporal domains.

Data augmentation and transfer learning have shown
promise for small heritage datasets [18, 23], but do not tackle
the underlying problem of dataset creation from heterogeneous
archives.

Our group has pursued both classification and monitoring of
cultural artifacts. Bugert et al. [4] and Liu et al. [24] applied trans-
fer learning and self-attention-based feature extraction to classify
artifacts by provenance, but found that museum collection taxon-
omy as a proxy for geographic origin limited labeling accuracy.
Liu et al. [25] developed automated monitoring of stolen artifacts
on online marketplaces using dedicated artifact features. Both
lines of work depend on well-labeled training data, motivating
the dataset creation methodology presented here.

Collaborative aggregation platforms like Europeana provide
large-scale access but inherit metadata inconsistencies from con-



tributing institutions and present language barriers that limit dis-
coverability [19]. Recent advances in vision-language models
(VLMs) offer alternative approaches to heritage indexing through
text-image retrieval [26], but using text-conditioned representa-
tions for both retrieval and quality assessment risks conflating
textual and visual evidence. Despite these approaches, few com-
prehensive methodologies exist for creating large-scale, multi-
cultural datasets from heterogeneous archives while accounting
for the systematic biases inherent in institutional collections.

Methods

Our methodology tackles data scarcity through four comple-
mentary strategies, each targeting a specific limitation of heritage
data. An overview is shown in Figure 1.

Cultural Marker Extraction

Rather than relying on structured metadata fields, which are
frequently empty or inconsistent across institutions, we perform
full-text search across all textual fields of Europeana records: ti-
tles, descriptions, concepts, and subject tags.

To illustrate, a limestone canopic jar in the Wellcome Col-
lection has empty fields for date, place, type, and culture, yet its
free-text description reads “Limestone human-headed canopic jar,
... from a mummified Egyptian body. This jar represents Imsety,
one of the four sons of Horus.” The cultural information is present
but trapped in unstructured text.

Using regex-based pattern matching, cultural markers were
extracted from these text fields: nouns and adjectives indicat-
ing cultural context (e.g., “pharaonic”, “mummified”, “Horus” —
“ancient Egyptian™). The extracted markers were manually re-
viewed to eliminate false positives and organized into civilization
classes. For each class, queries were constructed by combining
markers with logical OR, matching any record whose text con-
tains at least one relevant marker.

The Europeana API was queried with minimal restrictions,
focusing on images while filtering out objects labeled with mod-
ern centuries. This text-mining approach yielded 184,676 ob-
jects across 8 civilization classes from an initial 33,859 achiev-
able through structured metadata alone, a fivefold increase. The
precision of the cultural marker extraction was not formally mea-
sured against ground truth; the visual clustering step described in
the following subsection serves as a complementary quality fil-
ter, removing approximately 34% of text-mined content that was
visually unsuitable for classification tasks (e.g., documents, pho-
tographs of exhibition settings, and drawings).

Cross-Lingual Expansion

Many smaller European institutions describe their collec-
tions exclusively in their national language, making them invisible
to English-only queries. To capture these collections, the cultural
marker queries were translated into nine additional European lan-
guages: German, Spanish, French, Greek, Italian, Dutch, Polish,
Romanian, and Swedish.

Each translated query was used to retrieve additional ob-
jects from Europeana. The nine languages were selected based
on their observed prevalence in Europeana’s non-English meta-
data at the time of data collection. After deduplication, this strat-
egy discovered 125,576 unique additional objects (approximately
40% cross-language overlap in the raw results) and expanded the

dataset from 184,676 to 310,252 objects across 16 civilization
classes.

Visual Feature Extraction and Clustering

Text mining inevitably introduces noise: modern pho-
tographs, scanned documents, exhibition posters, and other non-
artifact content that happens to contain cultural keywords. We
apply visual clustering to identify and remove such content while
simultaneously creating fine-grained subcategories.

Feature Extraction

Visual features are extracted using DINOv2-Large with reg-
isters [27] (dinov2_vitl14_reg), a Vision Transformer (ViT-L/14)
with 1414 pixel patches. Input images are resized to 256 pix-
els, center-cropped to 224 x224, and normalized with ImageNet
statistics. For each image, we concatenate two complementary
representations: the CLS token (1024 dimensions) for global
semantic information and the mean-pooled patch tokens (1024
dimensions) for fine-grained local details. The resulting 2048-
dimensional feature vector is then used for clustering.

We chose DINOV2 over text-conditioned alternatives such as
CLIP [26] because, as a self-supervised model, DINOv2 clusters
images based on purely visual similarity without textual condi-
tioning. Using a model whose representations are influenced by
text descriptions would risk circular reasoning, since those de-
scriptions were used to retrieve the images in the first place. DI-
NOV2 thus provides an independent visual signal for quality as-
sessment.

Clustering and Manual Inspection

K-means clustering is applied within each civilization class,
producing 2—-10 clusters per class depending on class size (109
clusters total across 16 civilizations). Each cluster is manually in-
spected by reviewing centroid images and random samples. Clus-
ters are then either retained and labeled with a descriptive sub-
category (e.g., “ancient Egyptian vessels”, “medieval coins”) or
removed if they contain non-artifact content.

Of 109 clusters, 62 were retained and 47 removed. The re-
moved clusters comprised photographs of modern scenes (19),
scanned documents (9), line drawings and illustrations (9), and
other non-artifact content (10). This cleaning reduced the dataset
from 310,252 to 204,909 objects across 14 civilizations (—34%),
while the retained clusters define 62 fine-grained visual-cultural
categories. Figure 2 shows representative examples of retained
and removed clusters.

Collection-Aware Splitting

A critical challenge in heritage datasets is institutional col-
lection bias. Objects from the same museum share systematic
similarities in photography setup, lighting, background, digitiza-
tion equipment, and resolution, all due to institutional provenance
rather than cultural characteristics. Figure 3 illustrates this: three
rows of Imperial Roman artifacts from different museums exhibit
notably different visual signatures despite sharing the same civi-
lization label.

Standard random splitting allows these signatures to leak
across training and test sets, inflating evaluation metrics.

We implement group-based splitting that treats each museum
collection as an indivisible unit. All objects from a given in-

IS&T Infernational Symposium on Electronic Imaging 2026
Media Watermarking, Security, and Forensics 2026



1. Cultural Marker
Extraction

2. Cross-Lingual
Expansion

Inconsistent metadata Language barriers

34k — 185k objects 185k — 310k objects

4. Collection-Aware
Splitting

3. Visual Clustering
(DINOV2)

Visual noise Institutional bias

310k — 205k objects Group-based splits

Figure 1: Pipeline overview. Each strategy addresses a specific challenge in heritage data, progressively refining the dataset.
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(a) Retained: visually coherent artifact categories.

(b) Removed: non-artifact content (documents, photos, drawings).

Figure 2: Cluster quality control examples from manual inspection. Of 109 clusters, 62 were retained (a) and 47 removed (b).

stitution appear in exactly one split. While targeting 80-10-10
train/validation/test proportions, we prioritize institutional sepa-
ration over exact percentages and ensure collection diversity in
validation and test sets. This forces models to generalize to en-
tirely new institutional contexts. In realistic deployment, for ex-
ample, a seized artifact at a border crossing will come from an
institution not represented in the training data.

Results
Dataset Overview

The multi-strategy approach produced several dataset varia-
tions with progressively increasing scale and refinement, summa-

rized in Table 1.
Table 1: EuroCulture dataset variants.

Dataset Objects Classes Strategy

S 33,859 6 Strict metadata

L 184,676 8  + Text mining

XL 310,252 16  + Cross-lingual

XL-clean 204,909 14 + Visual cleaning
XL-cluster 204,909 62  + Fine-grained categories

The expansion from S to L demonstrates the value of full-
text mining over structured metadata alone. The cross-lingual ex-
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pansion from L to XL captured 125,576 additional unique ob-
jects, with French and Dutch contributing the most (approxi-
mately 38,000 each), which reflects the scale of national digiti-
zation programs in those countries.

Visual clustering then removed 34% of the XL dataset as
noise while enabling fine-grained subcategorization. Collection-
aware split variants (XL-clean-groupsplit and XL-cluster-
groupsplit) were produced from the cleaned datasets.

Comparison with Existing Datasets

Table 2 contextualizes the EuroCulture datasets relative to
existing cultural heritage datasets. Previous datasets typically fo-
cus on specific regions or artifact types, while the XL dataset
spans multiple civilizations and time periods. The text-mining
approach avoids dependence on structured metadata, which limits
most existing efforts, and the group-based splitting methodology
addresses a source of bias not previously addressed in cultural
heritage dataset creation.

Institutional Bias Analysis

To quantify the extent of institutional bias in the feature
space, we conducted a k-nearest-neighbor (k-NN) probe on the
XL-clean dataset (204,909 objects, 2048-dimensional DINOv2
features). For 50,000 randomly sampled query objects, we iden-
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Figure 3: Institutional visual signatures within Imperial Roman.
Each row: a different museum collection with distinct photogra-
phy styles and backgrounds.
Table 2: Comparison with existing heritage datasets.

Dataset Objects

AlgHeritage [16] 20,000  Algerian monuments
Karnataka [18] 1,748 Indian inscriptions

Scope

ImageOP [17] 1,613  Brazilian churches
EuroCulture S 33,859 6 civilizations
EuroCulture XL 310,252 16 civilizations
EuroCulture XL-cluster 204,909 62 visual-cultural classes

tified each object’s nearest neighbor in the full feature matrix and
recorded whether it shared the same collection (institution) and/or
the same civilization (class label). Results are shown in Table 3.

Table 3: k-NN probe results (k=1) on the XL-clean feature space.

Metric Rate
Same collection (institution) 79.5%
Same civilization (class) 83.0%
Same collection and same civilization  73.8%
Same collection, different civilization 5.7%

The key finding is the near-equivalence of the same-
collection rate (79.5%) and the same-civilization rate (83.0%), a
gap of only 3.5 percentage points. This means institutional sig-
natures explain almost as much of the nearest-neighbor structure
as cultural content does. The 5.7% of cases where the nearest
neighbor shares the same collection but belongs to a different civ-
ilization represents a lower bound on institutional contamination:
where collection and civilization coincide, the bias is present but
hidden.

The UMAP visualization in Figure 4 makes this pattern vis-
ible: the same spatial structure emerges whether points are col-
ored by civilization or by institution, confirming that the feature
space encodes institutional provenance nearly as strongly as cul-
tural identity.

The bias varies considerably across civilizations, as shown in
Table 4. Imperial Roman objects exhibit a 94.6% same-collection

rate (47 contributing collections, dominated by large numismatic
archives), while Ancient Egyptian objects show only 36.0% (91
collections with more diverse institutional coverage). The range
spans nearly 60 percentage points, so institutional dominance is
far from uniform and depends heavily on the collection landscape
of each civilization. Additionally, dataset concentration is high:
on average, the top five collections per civilization account for
77.1% of all objects.

Table 4: Per-civilization k-NN bias: fraction of nearest neighbors
from the same institution (k=1).

Civilization Same-Coll Colls. Objects
Imperial Roman 94.6% 47 25,668
Stone Age 86.5% 98 20,120
Iron Age 85.0% 79 28,530
Byzantium 84.8% 92 17,308
Norse Culture 80.8% 30 1,551
Medieval 78.4% 144 38,757
Celtic Culture 77.0% 98 8,623
Bronze Age 76.8% 75 8,043
Mesopotamian 75.2% 57 4,807
Ancient Hellenic 73.8% 108 33,415
Provincial Roman 69.0% 36 6,187
Etruscan 66.7% 31 1,508
Religious Orders 65.9% 70 1,169
Ancient Egyptian 36.0% 91 9,223

Weighted average: 79.5% (291 collections, 204,909 objects)

These results suggest that collection-aware splitting is neces-
sary for realistic evaluation: a classifier evaluated under standard
random splitting may learn institutional shortcuts instead of cul-
tural features, producing inflated performance estimates that do
not generalize to unseen institutions.

Discussion
Implications of Collection Bias

The k-NN analysis demonstrates that institutional bias is a
measurable and dominant property of heritage feature spaces, not
merely a theoretical concern. Classification systems trained and
evaluated with standard random splits risk learning to distinguish
photography setups and archival styles rather than cultural fea-
tures. For practical applications such as automated provenance
assessment at border crossings, evaluation results from random
splitting may substantially overestimate real-world performance.

The finding that institutional signatures are within 3.5 per-
centage points of cultural content in determining nearest-neighbor
structure (79.5% vs. 83.0%) suggests that group-based splitting
should become standard practice in computational heritage. This
approach reduces apparent model performance, but it provides
realistic estimates of generalizability to unseen institutional con-
texts.

Limitations and Future Work

This work has several limitations. The methodology is built
exclusively on Europeana and therefore inherits its European-
centric coverage and institutional membership biases. The nine
additional query languages expand coverage but exclude many
European and non-European languages present in heritage col-
lections.
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Figure 4: UMAP projection of DINOv2 features for the XL-clean dataset. Left: colored by civilization class. Right: colored by
museum collection (top-12 highlighted). The visual similarity of both clustering patterns confirms that institutional signatures are nearly

as dominant as cultural content in the feature space.

Manual cluster inspection is effective but does not scale: 109
clusters across 16 civilizations is feasible, but applying this ap-
proach to a broader set of civilizations or finer granularity would
benefit from automated cluster quality metrics [14]. Similarly, the
text-mining step uses regex-based pattern matching, which was
sufficient for the current scale and offers full interpretability of
matching decisions. However, this approach could be comple-
mented by vision-language models or large language models for
more robust cultural marker identification and multi-label classifi-
cation, particularly for ambiguous or context-dependent descrip-
tions [28].

The reliance on DINOV2 for visual clustering may intro-
duce model-specific biases, as its representations are learned from
general image datasets rather than heritage-specific data. Data
augmentation strategies to reduce collection-specific visual signa-
tures (e.g., background normalization or style transfer) represent
an unexplored but potentially valuable direction.

Downstream classification benchmarks comparing standard
and collection-aware evaluation are planned as future work.

Conclusion

This paper presented a scalable methodology for creat-
ing cultural heritage datasets from aggregated digital platforms
with inconsistent metadata. By combining text mining for cul-
tural markers, cross-lingual querying, and visual feature clus-
tering, we transformed Europeana’s computationally inaccessi-
ble archive into structured datasets of up to 310,252 objects
across 16 civilizations, subsequently cleaned and subcategorized
into 204,909 objects across 62 fine-grained visual-cultural cate-
gories. A k-nearest-neighbor analysis revealed that institutional
collection signatures dominate the visual feature space nearly
as strongly as cultural content (79.5% same-collection versus
83.0% same-civilization nearest-neighbor rates), demonstrating
that collection-aware evaluation is essential for realistic perfor-
mance assessment in computational heritage applications.
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