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Abstract
Artificial intelligence (Al) and machine learning (ML) have emerged as

transformative tools in preserving, analyzing, and representing cultural

heritage and arts. This article provides a systematic and comprehensive

review of Al applications in this domain, exploring their potential to Knowledge of
address longstanding challenges such as natural degradation, limited Conservation and
accessibility, and complex documentation. By integrating classical and Restoration
advanced ML algorithms, we examine case studies including the Time Vol 7 Issue3,

Machine Europe project, the Ithaca model for ancient Greek texts, and
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metaverse-based heritage digitization. These initiatives demonstrate Serial_No.21,
AT’s capacity to enhance precision, speed, and interactivity in heritage
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tasks, from virtual reconstruction to multimodal data analysis. However, psi// ¢
limitations such as data quality, ethical concerns, and computational
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complexity pose significant barriers to widespread adoption. Emerging

technologies like non-fungible tokens (NFTs), prompt engineering, and Cottesponding Author

quantum Al are highlighted as future directions that promise further .
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innovation. This study underscores the need for interdisciplinary

collaboration and ethical frameworks to ensure sustainable advancements, Assistant Machine Learning
offering a roadmap for researchers and policymakers in the digital era. Researcher, NOAI, Tehran,
Iran.
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Introduction

As tangible and intangible testaments to human
history, cultural heritage and arts face persistent
threats from natural decay, human-induced
damage, and restricted access. These challenges
impede preservation efforts and limit global
engagement with historical artifacts and traditions
(Fiorucci etal., 2020). Artificial intelligence, with its
ability to process multimodal data—ranging from
hyperspectral imaging to genomic sequences—
offers innovative solutions to safeguard and
reinterpret this heritage (Picollo et al.,, 2020).
Beyond technical utility, Al redefines human
interaction with the past through immersive
technologies like the metaverse and generative
models that recreate lost cultural elements
(Buragohain et al., 2024). This article aims to
synthesize the role of Al and ML in cultural
heritage, addressing three core questions: How
can Al mitigate preservation and accessibility
challenges? What are its current limitations? How
can it foster sustainable heritage management? By
analyzing algorithms, flagship projects, and future
trends, we provide a holistic perspective on Al’s

transformative impact.

AT and ML: Concepts and Techniques

Al a branch of computer science, simulates
human cognitive functions such as learning,
reasoning, and petrception through mathematical
models rooted in optimization and probability
(Russell & Norvig, 2021). Machine learning, its
primary subset, leverages algorithms to extract
patterns from data by minimizing cost functions,
such as ...... (Goodfellow et al., 2016). Key ML
Learning paradigms include:

1. Supervised Learning utilizes labeled

datasets to train models such as Support Vector
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Machines (SVMs) and Convolutional Neural
Networks (CNNs) for tasks like classification
and regression (Hastie et al., 2009). For example,
regression tasks often minimize a loss function
such as L(0)=1/n},;—1(yi-y;")* CNNs, on the
other hand, can classify artistic styles with high
accuracy (Li & Zhang, 2024).

2.  Unsupervised Learning: Identifies
hidden structures using methods like K-Means
clustering and Generative Adversarial Networks
(GANs), applied in texture reconstruction

(Fiorucci et al., 2020).

3. Reinforcement Learning: Optimizes
decision-making via reward-based systems like
Deep Q-Networks (DQN), guiding virtual
agents in heritage simulations (Sutton & Barto,
2018).

These techniques operate on diverse data types—
numerical (e.g., XRE, Molecular Analysis), Signal
(e.g., chemical spectra), textual (e.g., inscriptions),
and visual (e.g, RGB images)—forming the

backbone of Al applications in cultural heritage.

Applications in Cultural Heritage

Al’s versatility spans multiple dimensions of

heritage preservation and analysis:

- Computer Vision: CNNs and Vision
Transformers restore damaged artworks,
such as frescoes, and detect forgeries with
high precision, leveraging pixel-level feature

extraction (Gaber et al, 2023).

- Natural Language Processing (INLP):
Models like BERT and GPT decode ancient
texts and generate interactive narratives,

enhancing museum expetiences (Koutsoudis et
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- Numerical and Spectral Analysis: PCA and
SVM analyze material compositions via XRF
spectroscopy, revealing artifact properties non-
invasively (Reich et al., 2023).

- Robotics: Projects like RePAIR employ
reinforcement learning (e.g,, PPO) to automate
physical reassembly of fragmented artifacts
(RePAIR  Project, n.d.).

Virtual
environments integrate CNNs and GANs to

- Metaverse  Applications:
recreate historical sites, offering immersive

educational platforms (Buragohain et al., 2024).

These applications demonstrate Al’s ability to
bridge physical and digital realms, amplifying both

preservation and public engagement.

Flagship Projects

Several high-profile initiatives exemplify Al’s

potential:

1. Time Machine Europe: This ambitious
project digitizes FEuropean history using
TrOCR for text recognition, StyleGAN for
map restoration, and Graph Neural Networks
(GNNs) for social network reconstruction.
Subprojects like Venice Time Machine achieve
%80 accuracy in digitizing Venetian archives,
enabling temporal urban analysis (Time Machine
Europe, 2025).

2. Ithaca: Targeting ancient Greek inscriptions,
Ithaca employs deep neural networks to restore
texts (%061 accuracy), attribute geographic
origins (%062), and date artifacts (%71),
augmenting human expertise to %72 precision
(Assael et al., 2022).

3. RePAIR: Combining robotics and Al, this

project uses U-Net and GANSs to reassemble
Pompeii frescoes, reducing manual labor and

enhancing accuracy (RePAIR Project, n.d.).

4. Metaverse Digitization: Buragohain et al.
(2024) integrate Transformers and DQN to
create interactive heritage experiences, such
as virtual Pompeii, balancing tangible and

intangible elements.

These projects highlight Al’s capacity to integrate
interdisciplinary data, offering scalable solutions

for heritage tasks.

Challenges and Limitations
Despite its promise, Al faces significant hurdles:

- Data Quality: Incomplete or noisy datasets
undermine model accuracy, as seen in metaverse
reconstructions requiring precise historical

inputs (Buragohain et al., 2023).

- Ethical Concerns: Al-generated restorations
risk distorting cultural authenticity, raising
questions about ownership and representation
(Fiorucci et al., 2022).

- Cost and Accessibility: High computational
demands and infrastructure costs limit adoption,

particularly for smaller institutions (Marchello
et al., 2023).

- Computational Complexity: Deep learning

models  necessitate  advanced  hardware,
constraining  scalability in resource-limited

settings (Goodfellow et al, 2016).

- Bias and Interpretability: Opaque algorithms
may produce biased outputs, especially in

culturally nuanced contexts like ancient texts
(Chen & Wang, 2023).

Addressing these challenges requires robust
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data pipelines, ethical guidelines, and affordable

technological  solutions.

Future Directions

- Emerging Al technologies offer transformative

potential for cultural heritage:

- Metaverse and VR/AR: Advanced
simulations enhance user immersion, integrating

tangible and intangible heritage.

- NFTs: Blockchain-based tokens ensure digital
authenticity and ownership, revolutionizing

heritage monetization.

- Prompt Engineering:  Optimized
interactions with language models improve

content generation for educational purposes

- Quantum AI: Quantum computing could
accelerate complex analyses, such as genomic or

spectral data processing.

- IoT and Predictive Conservation: Sensor-
driven Al predicts environmental threats,

enabling proactive preservation.

These innovations, grounded in advanced
optimization and multimodal integration, promise
a future where heritage is both preserved and

dynamically — experienced.

Conclusion

Al and ML have redefined cultural heritage
management by enhancing precision, accessibility,
and interactivity. Projects like Time Machine
Europe and Ithaca illustrate their capacity to
unlock hidden historical insights, while metaverse
applications bridge past and present (Time
Machine FEurope, 2025; Assael et al, 2022;
Buragohain et al., 2024). Yet, challenges such as

data scarcity, ethical dilemmas, and computational
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barriers necessitate interdisciplinary collaboration
and standardized frameworks (Fiorucci et al.,
2020). As emerging technologies like quantum Al
and NFTs mature, they hold the potential to create
a sustainable, digital heritage ecosystem (Stubli¢ et
al., 2023). This study provides a comprehensive
foundation for researchers and conservationists,
advocating for responsible Al deployment to

safeguard humanity’s cultural legacy.
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Figure 9. A model of unsupervised learning.
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Figure 10. A model of reinforcement learning-
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Figure 13. Components and function of transformer network architecture (Bishop & Bishop, 2024a).
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Figure 16. Reconstruction of the missing parts of Rembrandt's The Night Watch using CNN-based algorithms.
These algorithms analyzed existing images and learned Rembrandt's painting style and techniques to accurately and

precisely reconstruct the lost sections (Art et al., n.d.).
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Figure 17. Examples of Al-assisted visual inspection systems for surface defects: (left) use of YOLO for detecting
surface damage in a case study, (right) identification of damage caused by efflorescence and flaking (Mishra &
Lourenco, 2024).
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five types of damage for cultural heritage (CH) in Macau (Mishra & Lourenco, 2024).
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Figure 19. Detection and analysis of forgery using CNN-based networks in Rembrandt's works (right, center:
previously attributed to him) and Salvator Mundi (left). Heatmaps highlight areas where the classifier has identified
with high probability that the right and left works were painted by artists associated with the original. However, the

second work attributed to Rembrandt does not exhibit the thermal pattern consistent with his style

(This Al Can Spot an Art Forgery - IEEE Spectrum, n.d.).
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Figure 20. Identification of hidden Maya structures using machine learning: (left) platforms (brown) and circular
structures (white), (center) study sites, (right) inference results in Huntichmul (Zhang et al., 2024).
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Figure 23. Challenges Associated with Traditional Monitoring (Top), Smart Assistant-Based Monitoring, and Aerial
Robotics (Bottom) (Mishra & Lourengo, 2024).
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Figure 24. Preservation and Promotion of the Wenzhou Blue Dyeing Tradition Using the LoRA Generative Model
Through Public Interactive Experience: (Top) Experimental process of implementation and production stages
(high-quality wood carving is used to create durable patterns by engraving floral designs. Indigo dye is primarily
extracted from plants such as Polygonum tinctorium or Isatis tinctoria). (Middle) Design of the application user
interface and motivation for audience engagement. (Bottom) Simulation of the interactive experience scenario,

where users can create patterns based on keywords and personal preferences, and share, save, or export their
creations (Wang & Zhou, 2025).
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Figure 26. 3D visualization of historical interactive maps of Amsterdam: Time slider plugin in the Netherlands 3D
platform (Amsterdam Time Machine, n.d.).
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Figure 28. Reconstruction of historical Greek inscriptions using the Ithaca model (Assael et al., 2022).

Sl 9 (Fguare pig—d
loslawl L 438 (65Lawjb) RePAIR 654, :amods
slacs)5id dawgi Ban L (S 5 (eg-iae (P92
ST (Smid ilwil dial B g sl alyglys
059y =l ol 0a s sy b onbdinsl Jlwl
gl aualoal Horizon 2020  slidss asby jl 4
omﬁwam 5)3J_>l),o)’l‘_;i_ic,_~|>,\_ao)>‘o>9_g
sl il oladss 4 @L“_.»L )l_‘ﬁ Coyocblas
) o35 5y S| (S—jd il e ¢
(Omeble (6350b (5 T5nelS (ol diej > Ay iy

drag iz Al ST sl iaghy (sLiSal,
dLmo.)b d_cgem0 )'l ol —wl Ly 04y dl_mJ,\a
oo (23 5 (5ilwil B a0 o3y
o) hmgy <l A Gl i e
d‘c\r_.ﬁ)oﬁ Slalls shlas 4 ladi 4 Jlio O—-’-l 39
P9 AgSe A o Ll 48 398 0 g
po—ie )8 3 g oo 3o 5 )=k 9 (S9—an
Ogte Jlod sl (g slall g 435 ), 8 Sl
ay S8 sy 05Me G (gl b (e
s Sl (Sl oo ye e 9 il
Ui laastie oy Jed S Lo Sen )
e 9 LIS (oo (lwlid ol 9 (LS9 (S9—uas
Sjl e slger (Sl glaodls Jlod gl ) i



Ay sla Jio jl LS sl ol jo a8 slo)

S ely e il canlby o wilo (300
ol 0dd oy laaidl a4 535 ool

S gmelS (i Laodld o g (65w Il -
9 st (Sl (Jol al yo )3 1pgmai (0313 9
)y (Pl Olsbad Jlod )y jgal (3310
ResNet. aib) siglgils” ac Lo Jio 5, S o
i xew sLa S5y (EfficientNety U-Net
ssbad g gl ) (S5 glassll g Lacdl Lacs s
I eysiomen A8 o silwSh e 55 5 g il
538> J—los (¢l (Vision Transformers (ViTs
g g o3l gty el Llis 5 Lancdly

§ o g3ty ol abad Sl g sk .Y
lslad (Gl (gl 3 B (pmas (eSS
P9y (2l 3 D9 e 48,5 050y GONs aile I, S
Silw e Bl 5 0, 5 g isdyd<lad , a
Jailan (oo g (qwiin Lo Shy 9 29—
Point Cloud (sla yogy A S o oS Lro)S 0]
Sloul g wladad awin Jdog ¢l 35 Matching
BB g T ge sl Jaw 1,505 g5l—w;b Y
s )’1 cua;éb duw;u 0y d‘)—f :GAN
clayba s (ol labad cLmodly (g9, ijo—n]
RS o 3 1y dgdihe (sl sl (oleiie
Sl )55k 9 sl S0k L gjluwil ail b

Py (silwding
g8 (6 1Sl (S alen g J )5S £

Slabd SLstge (gl o Bgn S5b) slapi

slapi ol il Lacl, ol g b 0 48,5 Sa

$3ltizte sy— PPO diile) Brae (gl (6)—50L
MARL g «olshad g0 _scuiyy gl DON S >

0918 ol Ay om0 (Sl i (Salen (ol
sl 1y Lalsb 1 md o lSel Kt (sLmgsls s

Do) 8wl Joe j0 g Lonls 38

el oais b oaibannSs Sliowl LT 8545
olabd (gill 2 29290 (Lol 4 aagi Lo
doogi 2 039 ol el Ul edpacul g 018
SlopisN oS 5 jlas el (S plagis
(eodid Bbal g (6 SgmalS (ol (Bee (6500
Bldglnel gLy (bl ly— (st
.(RePAIR Project, n.d)s_S o edla_wl

A IS 5o ol T 5 6l ey sl
Oygmody somld Slogins L g S )b dasiol
S sbadsgerme Oygoy g abailes SLo JolS
zhyol )l Lo So j a Sl ol slad
L 039 ddcmsl Lol 3l (gl 45 wloas
e oimg LT ol (o5l i 3g-Ghe MalS
(axkas i s M) 4l sl elabad sl S
Og290 slalidle s SoST Ly i Ly (wd 50,
Gl Sy ol el yoplej 9 5ls—53 )l
sl Ol (S8 Sl I (S i 2900
wlo (Bl (o piws JoByd 3y poas g Liiore
2 a8y slas)ysld S 5 Ly RePAIR o5,
(e G 9 6 yTomels (plin (Sl ladise;
G ygmods 45 Cl S5l (olum dawg JLod 40
5 G iy |y il ST S5 clLabad S35 5
B P 5 B B Sy PREH LR PR B
o) Aems plssl i ] slssl 4 L6 Loy Ll
oo 4]y (30 ste Lo il (o Abol> jlda
sLmoje > alygly La ool 4 tojls 4 S o)
il (6,95 i Lo

Sl wigy— o=l hoe ladise I (S
ol bl SHLo 0 sl dcw 5 glagS )b
sbachlo gloyz oS )b (ol ol (e
asbad Ll d a5 cowl ped Sl S
dlﬁrv‘*-‘*w )‘ ol La RePAIR 0)9)_: TR W M.SU
Sl B 53 (s9tuae g sl oSl 9 SiL,
el B asS 5lge g bad ¢ oLl |y colakad 0l s
P90 Ul o aS ol Smyb ey U diby iy
Sl U5l eblis g (gl (slabgy 0 S5



o gglie Candly b Ll il (sbg) iyt 5 (Kin 8 Slye 13 (ogtuae (hen (a3 )8 g pulie ol (il

-(RePAIR (RePAIR Project, n.d 035 S5l Cuoyo g (jluwjl T JSS

Figure 29. Robotic reconstruction and restoration in the RePAIR project (RePAIR Project, n.d.).
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OmniArt: http://www.vistory-omniart.com/-
WikiArt: http:/ /wwwwikiart.org)/.
BAM: https://bam-dataset.otg/.
Behance: https:/ /wwwbehance.net/.
Artstor: https:/ /wwwartstor.org/.
Europeana: https://www.europeana.cu/.
Web Gallery of Art: https://wwwwga.hu/.
Arran: https://github.com/ickramer/Arran.

Pl el 20,6 (3o (ms s g

https:/ /www.amsterdamtimemachine.nl/nl/atm-
timeslider-in-netherlands-3d/.
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https:/ /www.timemachine.eu/3dbigdataspace-
kicks-off-with-first-consortium-meeting-in-
trento/.

https:/ /ai4culture.cu/-

https:/ /www.timemachine.cu/events/ai4culture-
final-conference-exploring-the-future-of-ai-in-
cultural-heritage/.

2. Supervised Learning .

3. Deep Learning .

4. Backpropagation .

5. Transformers.

6. Support Vector Machines.,

7. GPU.

8. Generative Al.

9. GAN.

10. Large Language Models.

11. Attention,

12. Gartner.

13. Segmentation.

14. Classification

15. Decision Boundary .

16. Markov Decision Process .
17. States -

18. Actions.

19. Reward.

20. Policy.

21. Principal Component Analysis.
22. Convolutional Neural Networks.
23. Recurrent Neural Networks.
24. Long Short-Term Memory .
25. Graph Neural Networks .

26. Bidirectional Encoder Representations from
Transformers.

27. Feed-Forward Neural Networks .
28. Bidirectional Processing.

29. https:/ /cadenaser.com/euskadi/2024/12/30/
txikito-el-personaje-interactivo-que-ensena-
danzas-vascas-con-inteligencia-artificial-radio-

bilbao/.

30. Transformer-based OCR .
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