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ABSTRACT 

The integration of Artificial Intelligence (AI) and Machine Learning (ML) into archaeology is reshaping the 
ways in which cultural heritage is documented, conserved, and interpreted. This review paper critically 
examines the current state of AI-driven methodologies applied across archaeological workflows, including 
data acquisition, artifact classification, predictive modeling, and digital reconstruction. By synthesizing 
recent advancements, the study highlights how techniques such as deep learning, computer vision, and 
natural language processing enable the efficient analysis of complex and large-scale datasets, significantly 
enhancing the accuracy and scalability of archaeological research. AI-based remote sensing and geospatial 
analysis have facilitated the discovery of previously unidentified sites, while automated documentation 
tools have improved the precision and speed of recording archaeological materials. Furthermore, machine 
learning models are increasingly used in conservation science to predict deterioration patterns and assist in 
restoration planning. Despite these advancements, the paper also identifies critical challenges, including data 
heterogeneity, limited availability of annotated datasets, model interpretability, and ethical concerns related 
to authenticity and cultural sensitivity. The review emphasizes the importance of integrating domain 
expertise with computational approaches to ensure meaningful and reliable interpretations. Emerging trends 
such as explainable AI, multimodal learning, and digital twin technologies are discussed as promising 
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directions for future research. Overall, this study demonstrates that AI is not a replacement for traditional 
archaeological practices but a powerful complementary tool that enhances analytical capabilities and 
supports evidence-based decision-making. The findings provide a comprehensive framework for researchers 
and practitioners seeking to adopt AI technologies in archaeology while maintaining scientific rigor and 
ethical responsibility. 

KEYWORDS: Artificial Intelligence; Machine Learning; Archaeology; Cultural Heritage; Remote Sensing; 
Deep Learning; Computer Vision; Predictive Modeling; Digital Documentation; Heritage Conservation; 
Geospatial Analysis; 3D Reconstruction; Explainable AI; Archaeological Data Analysis; Digital Archaeology. 
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1. INTRODUCTION 

Archaeology has long depended on careful 
observation, fieldwork, and interpretive reasoning to 
reconstruct past human activity. While these 
approaches remain essential, they are increasingly 
challenged by the scale and complexity of modern 
archaeological data. Excavations today generate vast 
amounts of information—from high-resolution imagery 
to spatial datasets—that are difficult to process using 
traditional methods alone. In this context, Artificial 
Intelligence (AI) and Machine Learning (ML) are 
emerging not as replacements, but as practical 
extensions of archaeological practice, offering new ways 
to organize, analyze, and interpret data. 

Recent developments in computational methods 
have made it possible to handle archaeological 
datasets with greater speed and consistency than 
manual approaches allow. Techniques such as 
image recognition, pattern detection, and predictive 
modeling are being applied to tasks that were once 
time-intensive, including artifact classification and 
landscape analysis. For example, image-based 
models can assist in identifying object types or 
detecting subtle features in aerial imagery that 
might otherwise go unnoticed. These applications 
are particularly useful in large-scale projects, where 
the volume of material exceeds what can be 
reasonably processed by human analysis alone. 

At the same time, the shift toward digital 
documentation has accelerated the role of AI in 
archaeological workflows. Tools that combine 
photogrammetry, LiDAR scanning, and machine 
learning are enabling the creation of detailed digital 
records of sites and artifacts. These records are not 
only more durable than traditional documentation 
but also more accessible, allowing researchers to 
revisit and reinterpret data without returning to the 
field. This has important implications for 
preservation, especially in cases where sites are 
threatened by environmental or human factors. 

AI is also beginning to influence how 
archaeologists approach conservation and 
interpretation. Predictive models can highlight areas of 
potential risk, helping to guide conservation priorities, 
while data integration techniques allow for more 
comprehensive analysis of environmental, material, 
and textual evidence. However, these benefits come 
with certain limitations. Archaeological data is often 
incomplete or uneven, and computational models may 
struggle to account for the contextual nuances that are 
central to interpretation. 

For this reason, the use of AI in archaeology 
requires a balanced approach. Rather than relying 

solely on automated outputs, researchers must remain 
actively involved in evaluating and contextualizing 
results. When used carefully, AI can support more 
informed decision-making and open new avenues of 
inquiry. This paper examines how these technologies 
are being applied across documentation, conservation, 
and interpretation, with attention to both their 
potential and their limitations. 

2. AI TECHNIQUES AND METHODOLOGICAL 
FRAMEWORKS IN ARCHAEOLOGY 

The application of Artificial Intelligence (AI) and 
Machine Learning (ML) in archaeology is grounded in a 
diverse set of computational techniques that enable the 
extraction of meaningful insights from complex and 
often fragmented datasets. Unlike conventional 
analytical approaches, which depend heavily on 
manual interpretation, AI-driven frameworks introduce 
systematic, scalable, and reproducible methods for 
analyzing archaeological information. These 
methodologies are particularly valuable in handling the 
increasing volume of digital data generated through 
remote sensing, excavation records, geospatial mapping, 
and 3D imaging technologies. As a result, AI is not only 
enhancing efficiency but also redefining methodological 
paradigms within archaeological research. 

At the core of AI applications in archaeology are 
three primary learning paradigms: supervised learning, 
unsupervised learning, and semi-supervised learning. 
Supervised learning techniques are widely used for 
classification and regression tasks, such as identifying 
artifact types or predicting site locations based on 
environmental variables. These models rely on labeled 
datasets, where known examples guide the algorithm in 
recognizing patterns. For instance, convolutional neural 
networks (CNNs), a class of deep learning models, are 
particularly effective in processing visual data, making 
them suitable for tasks like pottery classification, 
inscription recognition, and feature detection in satellite 
imagery. Their ability to learn hierarchical 
representations of data allows for high levels of 
accuracy, even in complex classification scenarios. 

Unsupervised learning methods, on the other 
hand, are employed when labeled data is scarce or 
unavailable—a common situation in archaeology. 
Techniques such as clustering and dimensionality 
reduction help identify hidden structures and 
relationships within datasets. For example, 
clustering algorithms can group artifacts based on 
morphological or compositional similarities, aiding 
in typological analysis. Similarly, principal 
component analysis (PCA) is often used to reduce 
the dimensionality of large datasets, making it easier 
to visualize and interpret patterns. Although these 
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methods are less precise than supervised 
approaches, they provide valuable exploratory tools 
for hypothesis generation and data organization. 

In addition to these traditional approaches, 
hybrid and ensemble models are gaining 
prominence. These frameworks combine multiple 
algorithms to improve predictive performance and 
robustness. Random Forest and Gradient Boosting 
models, for example, are frequently used in 
predictive archaeology to assess the likelihood of 
undiscovered sites based on environmental and 
spatial variables such as elevation, proximity to 
water sources, and soil composition. These models 
are particularly advantageous because they can 
handle non-linear relationships and are less 
sensitive to noise in the data. Furthermore, they 

offer some level of interpretability by highlighting 
the relative importance of different input features. 

Another significant development is the 
integration of Natural Language Processing (NLP) 
techniques for analyzing textual data. 
Archaeological research generates vast amounts of 
written material, including excavation reports, 
historical records, and field notes. NLP models can 
automatically extract relevant information, identify 
key themes, and even establish relationships 
between entities mentioned in texts. This capability 
enhances the efficiency of literature reviews and 
supports the synthesis of knowledge across different 
sources. When combined with structured data, NLP 
contributes to a more holistic understanding of 
archaeological contexts. 

Table 1: Key AI Techniques and Their Archaeological Applications 
Technique Primary Application Strengths Limitations 

Convolutional Neural Networks 
(CNN) 

Artifact and image 
classification 

High accuracy, effective for 
visual data 

Requires large labeled datasets 

Random Forest 
Predictive modeling of 

site locations 
Robust, handles complex 

relationships 
Moderate interpretability 

K-Means Clustering 
Artifact grouping and 

typology 
Simple, efficient for large 

datasets 
Sensitive to initial parameters 

Principal Component Analysis (PCA) 
Data reduction and 

visualization 
Simplifies high-dimensional 

data 
Loss of some information 

Natural Language Processing (NLP) Textual data analysis 
Automates information 

extraction 
Context ambiguity in historical 

texts 

Generative Adversarial Networks 
(GANs) 

Reconstruction of artifacts Produces realistic outputs Computationally intensive 

 
Beyond individual techniques, methodological 

frameworks in AI-driven archaeology emphasize 
the importance of structured workflows. A typical 
framework begins with data acquisition, followed 
by preprocessing steps such as cleaning, 
normalization, and annotation. The processed data 
is then used to train machine learning models, 
which are subsequently validated and tested to 
ensure reliability. The final stage involves 
interpretation, where model outputs are integrated 
with archaeological knowledge to generate 
meaningful conclusions. This structured approach 
ensures that AI applications remain transparent, 
reproducible, and scientifically valid. 

 
Figure 1: Growth of AI in Archaeology 

 
Figure 2: AI Technique Usage 

3. AI IN ARCHAEOLOGICAL 
DOCUMENTATION 

Archaeological documentation forms the 
backbone of heritage research, as it preserves critical 
information about artifacts, excavation contexts, and 
site structures for future analysis and interpretation. 
Traditionally, documentation has relied on manual 
recording methods such as field notes, drawings, 
photography, and cataloging, which are time-
consuming and often subject to human error or 
inconsistency. With the growing complexity and 
volume of archaeological data, these conventional 
approaches are increasingly insufficient. The 



8197 ARTIFICIAL INTELLIGENCE AND MACHINE LEARNING IN ARCHAEOLOGY 
 

SCIENTIFIC CULTURE, Vol. 12, No. 4, (2026), pp. 8193-8202 

integration of Artificial Intelligence (AI) and 
Machine Learning (ML) into documentation 
practices has introduced a transformative shift, 
enabling faster, more accurate, and standardized 
recording processes that significantly enhance both 
research quality and long-term preservation. 

One of the most impactful contributions of AI in 
archaeological documentation is in the automation 
of artifact recognition and classification. Computer 
vision techniques, particularly those based on deep 
learning models such as convolutional neural 
networks, can analyze images of artifacts and 
automatically identify their type, material, or 
stylistic features. This capability is especially 
valuable in large-scale excavations where thousands 
of objects must be cataloged. Automated 
classification systems reduce the time required for 
documentation while maintaining high levels of 
consistency, thereby minimizing subjective bias that 
can arise from manual identification. Furthermore, 
these systems can be trained to recognize subtle 
visual patterns that may not be immediately 
apparent to human observers, improving the overall 
accuracy of artifact categorization. 

In addition to artifact classification, AI plays a 
crucial role in the digitization of archaeological 
records. Historical excavation reports, handwritten 
notes, and archival photographs often exist in non-
digital formats, making them difficult to access and 
analyze. Machine learning techniques, including 
optical character recognition (OCR) and natural 
language processing (NLP), enable the conversion of 
these materials into structured digital data. This 
process not only preserves valuable historical 
information but also allows researchers to perform 
large-scale text analysis, identify trends, and 
integrate data from multiple sources. As a result, AI 
facilitates the creation of comprehensive digital 
archives that are easily searchable and accessible to 
researchers worldwide. 

Another significant advancement is the use of AI 
in three-dimensional (3D) documentation and 
modeling. Technologies such as photogrammetry 
and LiDAR scanning generate detailed spatial data 
of archaeological sites and artifacts. AI algorithms 
can process this data to produce accurate 3D models, 
which serve as digital replicas of physical objects 
and environments. These models are particularly 
useful for documenting fragile or endangered sites, 
as they provide a permanent record that can be 
studied without causing further damage. 
Additionally, AI can assist in aligning, cleaning, and 
enhancing 3D datasets, improving the quality and 
usability of digital reconstructions. Such models 

also support virtual reality (VR) and augmented 
reality (AR) applications, enabling immersive 
exploration of archaeological sites for both 
researchers and the public. 

AI-driven documentation systems also contribute 
to improved data integration and management. 
Archaeological data is often heterogeneous, 
consisting of images, spatial coordinates, textual 
descriptions, and analytical measurements. Machine 
learning frameworks can integrate these diverse 
data types into unified databases, allowing for more 
comprehensive analysis. For example, linking 
artifact images with their excavation context and 
associated textual records enables researchers to 
examine relationships between different variables 
more effectively. This integrated approach enhances 
the interpretive potential of archaeological datasets 
and supports more robust scientific conclusions. 

Despite these advantages, the implementation of 
AI in archaeological documentation presents several 
challenges. One of the primary issues is the need for 
high-quality training data. Machine learning models 
require large, well-annotated datasets to achieve 
reliable performance, yet such datasets are often 
limited in archaeology. Variability in documentation 
standards across different projects can further 
complicate data integration and model training. 
Additionally, the use of automated systems raises 
concerns about the potential loss of contextual 
information, as AI models may focus on measurable 
features while overlooking nuanced details that are 
critical for interpretation. 

Another important consideration is the balance 
between automation and human expertise. While AI 
can significantly enhance efficiency, it should not 
replace the interpretive judgment of archaeologists. 
Instead, AI tools should be viewed as supportive 
systems that assist researchers in managing and 
analyzing data, while final decisions remain 
grounded in domain knowledge. Ensuring 
transparency in AI processes is also essential, as 
researchers must be able to understand and validate 
the outputs generated by these systems. 

Ethical considerations are equally relevant in the 
context of digital documentation. The creation and 
sharing of digital archives must respect issues of 
data ownership, cultural sensitivity, and access 
control. In some cases, detailed digital records of 
archaeological sites could be misused, for example, 
by facilitating unauthorized excavations or artifact 
trafficking. Therefore, the development of AI-based 
documentation systems must be accompanied by 
clear policies and guidelines to ensure responsible 
use. 
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4. AI IN CULTURAL HERITAGE 
CONSERVATION 

Cultural heritage conservation is a critical 
domain within archaeology and heritage studies, 
focusing on the protection, stabilization, and long-
term preservation of artifacts, monuments, and 
archaeological sites. Traditionally, conservation 
practices have relied on manual inspection, periodic 
monitoring, and expert-driven decision-making. 
While these approaches have proven effective, they 
are often limited by resource constraints, delayed 
response times, and the inability to continuously 
monitor changing environmental conditions. The 
integration of Artificial Intelligence (AI) and 
Machine Learning (ML) into conservation practices 
is transforming this landscape by enabling 
predictive, data-driven, and real-time approaches to 
heritage management. 

One of the most significant contributions of AI to 
conservation is in the area of predictive 
maintenance. Archaeological sites and cultural 
artifacts are constantly exposed to environmental 
stressors such as temperature fluctuations, humidity, 
pollution, biological growth, and natural disasters. 
Machine learning models can analyze historical and 
real-time environmental data to identify patterns of 
deterioration and forecast potential risks. For 
example, time-series algorithms can predict how 
changes in humidity levels may affect the structural 
integrity of ancient buildings or how temperature 
variations might accelerate material degradation. 
This predictive capability allows conservation 
professionals to take proactive measures, reducing 
the likelihood of irreversible damage and 
optimizing the allocation of limited resources. 

AI also plays a crucial role in automated damage 
detection and condition assessment. Computer 
vision techniques, particularly those based on deep 
learning, can analyze high-resolution images of 
heritage structures to identify signs of deterioration 

such as cracks, erosion, discoloration, or biological 
growth. These systems can operate with a level of 
precision and consistency that is difficult to achieve 
through manual inspection alone. Moreover, AI-
based image analysis can be applied to both ground-
level photographs and aerial or satellite imagery, 
enabling large-scale monitoring of sites that may be 
difficult to access. This is particularly valuable for 
remote or endangered locations, where frequent 
physical inspection is not feasible. 

Another important application of AI in 
conservation is material analysis and 
characterization. Understanding the composition 
and properties of materials used in artifacts and 
structures is essential for selecting appropriate 
conservation techniques. Machine learning models 
can analyze data from spectroscopic methods, 
chemical tests, and imaging technologies to identify 
material composition and predict how different 
materials will respond to environmental conditions 
or conservation treatments. This information 
supports more informed decision-making and helps 
ensure that interventions are both effective and 
minimally invasive. 

AI-driven technologies are also enabling 
advancements in digital and virtual restoration. In 
cases where artifacts or structures are partially 
damaged or missing components, generative 
models can be used to reconstruct plausible 
representations of the original form. These 
reconstructions are based on learned patterns from 
similar objects or historical data, allowing 
researchers to visualize and study artifacts in a more 
complete state. While such reconstructions are 
primarily used for research and educational 
purposes, they can also inform physical restoration 
efforts by providing reference models. Additionally, 
virtual restoration enhances public engagement by 
enabling museums and cultural institutions to 
present reconstructed heritage in digital formats. 

Table: Applications of AI in Cultural Heritage Conservation 
Application Area AI Technique Used Functionality Key Benefits 

Predictive 
Maintenance 

Time-series ML models 
Forecasts environmental impact and 

deterioration 
Enables proactive conservation 

strategies 

Damage Detection Computer Vision (CNNs) 
Identifies cracks, erosion, and surface 

changes 
Improves accuracy and monitoring 

efficiency 

Material Analysis 
ML Regression & 

Classification 
Determines composition and material 

behavior 
Supports informed conservation 

decisions 

Virtual Restoration 
Generative Models 

(GANs) 
Reconstructs missing or damaged 

components 
Enhances visualization and 

restoration planning 

Site Monitoring Remote Sensing + AI 
Tracks large-scale environmental and 

structural changes 
Enables continuous and remote 

observation 

 
Despite these advancements, the application of 

AI in cultural heritage conservation is accompanied 
by several challenges. One of the primary concerns 
is the reliability of predictive models, which depend 
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heavily on the quality and completeness of input 
data. In many cases, historical environmental data 
may be limited or inconsistent, affecting the 
accuracy of predictions. Additionally, conservation 
decisions often involve complex considerations that 
extend beyond measurable variables, such as 
cultural significance and historical authenticity. AI 
systems, which primarily rely on quantitative data, 
may not fully capture these qualitative aspects. 

Another important issue is the ethical dimension 
of AI-driven conservation. The use of automated 
systems for restoration and reconstruction raises 
questions about authenticity and the extent to which 
digital or AI-generated outputs should influence 
physical interventions. There is a risk that over-
reliance on algorithmic suggestions could lead to 
reconstructions that are technically plausible but 
historically inaccurate. Therefore, it is essential that 
AI tools are used in conjunction with expert 
knowledge and that their outputs are critically 
evaluated before implementation. 

Furthermore, the adoption of AI technologies 
requires technical expertise and infrastructure that 
may not be readily available in all regions. This 
creates disparities in access to advanced 
conservation tools, particularly in developing areas 
where many significant cultural heritage sites are 
located. Addressing this gap requires investment in 
capacity building, training, and the development of 
accessible and user-friendly AI systems. 

5. RESULTS AND DISCUSSION 

The application of Artificial Intelligence (AI) and 
Machine Learning (ML) in archaeology has 
produced measurable improvements across 
documentation, conservation, and interpretative 
processes. The results observed from recent 
implementations indicate that AI-driven approaches 
significantly enhance efficiency, accuracy, and 
scalability when compared to traditional 
methodologies. One of the most notable outcomes is 
the substantial reduction in time required for data 
processing and analysis. Automated artifact 
classification systems, for example, can process 
thousands of images within minutes, achieving 
accuracy levels that often exceed manual 
classification under controlled conditions. This 
improvement not only accelerates research 
workflows but also ensures consistency in 
classification, reducing variability introduced by 
human interpretation. 

In the domain of archaeological documentation, 
AI-based image recognition and 3D modeling 
techniques have demonstrated high levels of 

precision in capturing and reproducing site details. 
Digital documentation systems utilizing machine 
learning algorithms have enabled the creation of 
detailed and standardized records, which are easier 
to store, access, and share. These systems have 
proven particularly effective in large-scale 
excavation projects, where the volume of data can 
be overwhelming for manual processing. 
Additionally, AI-supported digitization of historical 
records has resulted in the recovery and integration 
of previously inaccessible information, thereby 
enriching existing datasets and supporting more 
comprehensive analyses. 

The results in cultural heritage conservation 
highlight the effectiveness of predictive modeling 
and automated monitoring systems. Machine 
learning models trained on environmental and 
structural data have successfully identified patterns 
of deterioration and forecast potential risks with a 
high degree of reliability. In practical applications, 
these predictions have allowed conservation teams 
to prioritize interventions and allocate resources 
more efficiently. For instance, early detection of 
structural weaknesses or environmental threats has 
helped prevent severe damage in several 
documented cases. Similarly, computer vision 
systems have been able to detect minute changes in 
surface conditions, enabling continuous monitoring 
without the need for frequent physical inspections. 

AI has also shown promising results in 
archaeological interpretation, particularly in 
predictive modeling and pattern recognition. 
Predictive algorithms have been used to identify 
potential locations of undiscovered archaeological 
sites by analyzing geographical and environmental 
variables. In many cases, these models have 
successfully guided field surveys, leading to the 
discovery of new sites that might have otherwise 
remained undetected. Furthermore, machine 
learning techniques applied to textual and spatial 
data have facilitated the identification of 
relationships between artifacts, settlement patterns, 
and environmental factors. These insights contribute 
to a more nuanced understanding of past human 
activities and cultural developments. 

Another important outcome is the increased 
ability to handle complex and multi-dimensional 
datasets. AI systems can integrate diverse data types, 
including images, spatial coordinates, textual 
information, and analytical measurements, into 
unified analytical frameworks. This integration 
enables researchers to explore connections between 
different variables more effectively, leading to more 
robust and evidence-based interpretations. The use 
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of advanced visualization techniques, such as 3D 
models and interactive maps, further enhances the 
accessibility and interpretability of results, 
benefiting both researchers and the broader public. 

6. CHALLENGES AND ETHICAL 
CONSIDERATIONS 

The integration of Artificial Intelligence (AI) and 
Machine Learning (ML) into archaeology presents 
several practical and ethical challenges that must be 
carefully addressed to ensure responsible and 
effective use. One of the primary challenges lies in 
the nature of archaeological data itself. Datasets are 
often incomplete, fragmented, and unevenly 
distributed across regions and time periods. This 
scarcity and inconsistency can significantly affect 
the performance of machine learning models, 
leading to biased or unreliable outputs. In addition, 
variations in data recording standards across 
different excavation projects make it difficult to 
create unified datasets suitable for large-scale 
analysis. 

Another major concern is the interpretability of 
AI models. Many advanced algorithms, particularly 
deep learning systems, operate as “black boxes,” 
meaning their internal decision-making processes 
are not easily understood. In archaeology, where 
interpretations must be supported by clear and 
transparent evidence, this lack of explainability can 
reduce trust in AI-generated results. Researchers 
may find it challenging to justify conclusions 
derived from models that cannot clearly 
demonstrate how specific outputs were produced. 

This highlights the importance of developing 
explainable AI approaches that provide insights into 
model behavior without compromising 
performance. 

Ethical considerations are equally significant, 
particularly regarding data sensitivity and cultural 
heritage protection. AI technologies, especially those 
used in predictive modeling and remote sensing, 
can identify potential locations of undiscovered 
archaeological sites. While this capability is valuable 
for research, it also raises concerns about misuse, 
such as unauthorized excavations or looting. 
Ensuring that sensitive information is protected and 
shared responsibly is essential to safeguarding 
cultural heritage. Furthermore, issues of data 
ownership and access must be carefully managed, 
especially when working with heritage that holds 
cultural or spiritual significance for local 
communities. 

There is also a risk of over-reliance on automated 
systems, which may lead to the marginalization of 
human expertise. Archaeology is inherently 
interpretive, requiring contextual understanding 
that extends beyond measurable data. AI models, 
which rely primarily on quantitative inputs, may 
overlook subtle cultural or historical nuances. 
Therefore, it is crucial to maintain a balanced 
approach where AI serves as a supportive tool 
rather than a replacement for expert judgment. 
Collaboration between technologists and 
archaeologists is necessary to ensure that AI 
applications remain grounded in disciplinary 
knowledge. 

Table: Key Challenges and Ethical Issues in AI-based Archaeology 
Category Challenge / Issue Impact on Archaeology 

Data Limitations Incomplete and inconsistent datasets Reduces model accuracy and reliability 

Model Interpretability Black-box nature of AI algorithms Limits transparency and trust 

Data Standardization Lack of uniform recording methods Hinders data integration and scalability 

Ethical Risks Misuse of site location data Threatens heritage preservation 

Cultural Sensitivity Ignoring local and indigenous perspectives Leads to ethical and social concerns 

Over-reliance on AI Reduced human involvement Weakens contextual interpretation 

 

7. CONCLUSION 

The growing use of Artificial Intelligence and 
Machine Learning in archaeology reflects a broader 
shift toward data-intensive research methods. As 
demonstrated throughout this study, these 
technologies are contributing to more efficient 
documentation, improved conservation strategies, 
and increasingly sophisticated forms of analysis. 
Tasks that once required extensive manual effort—
such as cataloging artifacts or analyzing spatial 
patterns—can now be supported by computational 
tools that enhance both speed and consistency. 

At the same time, the findings make it clear that 
AI is most effective when used as a supporting 
framework rather than a standalone solution. 
Archaeological interpretation depends heavily on 
context, and this remains an area where human 
expertise is essential. While machine learning 
models can identify patterns or generate predictions, 
they do not inherently understand cultural or 
historical significance. As a result, their outputs 
must be interpreted with caution and validated 
against established knowledge. 

Another important consideration is the quality of 
available data. Many of the limitations observed in AI 
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applications stem from incomplete or inconsistent 
datasets, which can affect the reliability of results. 
Addressing these issues will require greater emphasis 
on data standardization, collaborative data sharing, 
and careful documentation practices. In parallel, 
efforts to improve model transparency will help build 
confidence in AI-assisted approaches. 

Looking forward, the role of AI in archaeology is 
likely to expand as new tools and methodologies 
become available. Developments in explainable 
models and integrated data systems may further 
strengthen the connection between computational 

analysis and archaeological reasoning. However, the 
long-term success of these technologies will depend 
on how well they are integrated into existing 
research practices. 

In summary, AI offers valuable opportunities to 
enhance archaeological research, but its application 
must remain grounded in critical evaluation and 
disciplinary expertise. A thoughtful combination of 
technological innovation and human insight will be 
key to ensuring that these tools contribute 
meaningfully to the study and preservation of 
cultural heritage. 
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