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Highlights

What are the main findings?

e  Archaeological Earth observation research expanded nearly 1661% from 2000 to 2025,
yet 78.9% of publications originate from Global North institutions, despite the Global
South hosting the majority of UNESCO World Heritage Sites.

e A small group of countries (Italy, USA, UK) account for almost half of global out-put,
while regions such as Sub-Saharan Africa remain critically un-der-represented (<1% of
publications versus 9.4% of sites).

What is the implication of the main findings?

e  This study demonstrates persistent structural inequalities in access to satellite data,
computing infrastructure, and expertise, with implications for cultural her-itage pro-
tection and sustainable development.

o  Redressing this imbalance requires coordinated capacity building, equitable data
access, and inclusive frameworks that integrate Global South perspectives into Earth
observation research.

Abstract

This systematic review analyzes 4359 archaeologically relevant publications spanning
25 years to examine global disparities in archaeological remote sensing research between
Global North and Global South participation. This study reveals deep inequalities among
these regions, with 72.1% of research output originating from Global North-only institutions,
despite these regions hosting less than half of UNESCO World Heritage Sites. The temporal
analysis demonstrates exponential growth, with 47.2% of all research published in the last
five years, indicating rapid technological advancement concentrated in well-resourced
institutions. Sub-Saharan Africa produces only 0.6% of research output while hosting 9.4%
of World Heritage Sites, highlighting a technology gap in heritage protection. The findings
suggest an urgent need for coordinated interventions to address structural inequalities and
promote technological fairness in global heritage preservation. The research employed
bibliometric analysis of Scopus database records from four complementary search strategies,
revealing that just three countries—Italy (20.3%), the United States (16.7%), and the United
Kingdom (10.0%)—account for nearly half of all archaeological remote sensing research and
applications worldwide. This study documents patterns that have profound implications
for cultural heritage preservation and sustainable development in an increasingly digital
world where advanced Earth observation technologies have become essential for effective
heritage protection and archaeological research.
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1. Introduction

The integration of satellite-based Earth observation technologies into archaeological
research has fundamentally transformed the discipline over the past quarter of a century,
offering new capabilities for site discovery, landscape analysis, and cultural heritage moni-
toring across vast spatial and temporal scales [1-3]. This technological revolution emerged
from pioneering work in the 1970s and 1980s using early satellite platforms such as Land-
sat [4,5] and SPOT [6,7] imagery, evolving into a sophisticated interdisciplinary domain
that combines remote sensing technologies, geospatial analysis, artificial intelligence, and
archaeological interpretation to advance our understanding of human settlement patterns,
landscape modification, and cultural heritage preservation [8-12].

The scientific field has been driven by several factors including the increasing avail-
ability and declining costs of high-resolution satellite imagery, advances in computational
processing capabilities, the development of sophisticated analytical software packages, and
growing recognition within the archaeological community of remote sensing’s potential
for addressing fundamental research questions about past human behavior and cultural
change [13-15]. The democratization of Geographic Information System (GIS) technology
and the emergence of cloud-based processing platforms have further accelerated adoption
by reducing technical barriers and computational requirements that previously limited
access to advanced analytical capabilities [16-18].

However, despite the global nature of archaeological heritage and the wide applica-
bility of satellite technologies, significant questions remain about the equitable distribu-
tion of these technological capabilities and their benefits across different regions of the
world [19,20]. The distinction in archaeological remote sensing research represents more
than a simple geographical categorization [21]; it reflects deeper structural inequalities in
access to advanced technologies, funding resources, institutional capacity, research infras-
tructure, and the technological required for independent scientific innovation [19,21,22].

In this study, the term Global South is employed in line with Mahler’s [23] definition,
referring not to a strictly geographic designation but to a socio-political construct encom-
passing regions historically marginalized in global economic, scientific, and technological
systems (e.g., much of Africa, Latin America, the Middle East, and parts of Asia). This
conceptualization allows us to capture disparities in access to resources, research capacity,
and technological infrastructures when comparing the Global South with the more indus-
trialized and research-intensive Global North. The Global North, encompassing primarily
developed nations in North America (United States and Canada), Europe (including all
European Union member states, United Kingdom, Norway, Switzerland, Iceland, and
other Western European nations), and developed Asia-Pacific regions (Japan, South Korea,
Australia, and New Zealand), has historically dominated not only the development and
deployment of Earth observation satellites but also the creation of analytical frameworks,
artificial intelligence models, and institutional knowledge that define the field’s method-
ological standards and research priorities [24,25]. This is visible across multiple dimensions
including the ownership and operation of satellite systems by agencies such as NASA,
ESA, JAXA, and commercial providers like DigitalGlobe, Planet Labs, and Maxar Tech-
nologies, the development of processing software and analytical algorithms by companies
like Google, Microsoft, ESRI, and specialized remote sensing firms, the availability of
high-performance computing infrastructure in universities and research institutions with
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substantial computational resources, access to commercial high-resolution imagery through
institutional licenses and research agreements that provide preferential pricing and data
access, and the concentration of specialized expertise in academic programs, professional
networks, and research centers with decades of accumulated experience [26-28].

Conversely, the Global South, representing developing nations primarily in Africa
(including all Sub-Saharan African countries such as Kenya, Tanzania, South Africa, Ghana,
Nigeria, Senegal, and North African countries like Egypt, Morocco, Tunisia, Algeria), Latin
America and the Caribbean (including Brazil, Mexico, Argentina, Peru, Colombia, Chile,
and Caribbean island nations), and developing Asia (including major populous nations like
China, India, Indonesia, Pakistan, Bangladesh, Thailand, Vietnam, Philippines, and Middle
Eastern countries such as Iran, Iraq, Turkey, Syria, Jordan, and Lebanon) often hosts some
of the world’s most significant archaeological sites and cultural heritage resources [29,30].
These include numerous UNESCO World Heritage Sites of global importance such as
Angkor Wat in Cambodia, Machu Picchu in Peru, the Pyramids of Giza in Egypt, Great
Zimbabwe in Zimbabwe, Petra in Jordan, Borobudur in Indonesia, and countless other
irreplaceable cultural landscapes and archaeological complexes that represent humanity’s
shared heritage. As of 2024, there are 1223 UNESCO World Heritage Sites globally, with
952 cultural, 231 natural, and 40 mixed properties distributed across 168 countries [31]. Yet
these regions face substantial and various barriers to accessing and effectively utilizing
the advanced Earth observation technologies that have become essential for contemporary
archaeological research and heritage protection in the digital age [32-35].

These barriers are also linked with technological, economic, educational, and institu-
tional dimensions, creating a complex web of interconnected constraints that collectively
limit meaningful participation in cutting-edge archaeological research and heritage monitor-
ing activities. The technological barriers are particularly pronounced and include severely
limited access to high-speed internet connectivity required for downloading and processing
large satellite datasets that can range from gigabytes to terabytes in size, insufficient com-
putational infrastructure for processing high-resolution imagery and running sophisticated
analytical algorithms that require substantial processing power and memory resources, a
systematic lack of access to commercial satellite imagery due to prohibitive cost constraints
and restrictive licensing agreements that favor institutional buyers in developed countries,
and the critically limited availability of specialized software packages and analytical tools
that require expensive licenses and ongoing technical support [10,15,25,36].

Therefore, economic constraints extend far beyond the direct costs of satellite imagery
and software licenses to encompass the broader financial ecosystem required for supporting
long-term research programs, including substantial investments in hiring and training
technical staff with specialized skills in remote sensing and archaeological interpretation,
maintaining and upgrading computational infrastructure to keep pace with rapidly evolv-
ing technological requirements, participating in international conferences and collaborative
networks that facilitate knowledge exchange and professional development, and sustain-
ing research programs over multi-year periods required for meaningful archaeological
investigation and heritage monitoring initiatives [37-41].

Educational and institutional barriers include the limited availability of specialized
training programs in archaeological remote sensing, the shortage of faculty with expertise
in Earth observation technologies, the lack of established curricula integrating remote
sensing with traditional archaeological methods, and insufficient institutional support
for developing interdisciplinary research capabilities [42]. These educational gaps are
particularly problematic because effective use of Earth observation technologies requires
not only technical skills in image processing and analysis but also a deep understanding of
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archaeological theory, site formation processes, and landscape evolution that can only be
developed through comprehensive interdisciplinary training programs.

Moreover, the recent developments of artificial intelligence and machine learning in
archaeological remote sensing have introduced new and increasingly complex dimensions
to these existing disparities, potentially either serving as a democratizing force that could
provide powerful analytical tools to under-resourced institutions, or alternatively func-
tioning to further concentrate advanced capabilities in already well-resourced institutions
with the technical expertise and computational infrastructure necessary to develop and
deploy these sophisticated systems [43—47]. Machine learning algorithms, particularly
deep learning models and convolutional neural networks used for automated feature
detection, classification, and pattern recognition in satellite imagery, are fundamentally
dependent on the representativeness, quality, and cultural appropriateness of their training
datasets, which must encompass diverse archaeological contexts, environmental conditions,
and cultural landscapes to function effectively across different geographic and cultural
settings [48-50].

The development and deployment of Al systems [51] for archaeological applica-
tions [52] has been overwhelmingly dominated by institutions with substantial compu-
tational resources, advanced technical expertise, and access to high-performance com-
puting infrastructure, primarily located in technologically advanced countries with well-
established computer science departments, remote sensing research programs, and collabo-
rative networks linking academic institutions with technology companies and government
agencies [53,54]. This concentration reflects the substantial barriers to entry for meaningful
Al development and deployment, including stringent requirements for GPU-accelerated
computing systems capable of training complex neural networks, access to large-scale,
high-quality training datasets that require extensive curation and validation, specialized
expertise in machine learning, computer vision, and archaeological interpretation that
combines technical skills with domain knowledge, and sustained funding for long-term
research and development activities that can extend over multiple years before producing
practical applications. The result is a technological landscape where the most powerful an-
alytical tools for archaeological remote sensing are developed by and for research contexts
that may not be representative of global archaeological diversity.

This review was designed to systematically identify, analyze, and synthesize the
available literature on Earth observation applications in archaeology, with a particular
focus on identifying geographical disparities and technological access patterns between
these two geographical contexts.

2. Methodology

The methodology incorporated both quantitative bibliometric analysis and qualita-
tive content synthesis to provide a comprehensive assessment of the field’s development,
geographic distribution, and technological evolution over the 25-year study period from
2000 to 2025 [55]. The year 2000 was selected as the starting point, as it marks the advent of
high-resolution commercial satellite sensors (e.g., IKONOS), which enabled a new era of
archaeological and heritage-related Earth observation research [9]. This mixed-methods
approach was selected to capture broad patterns in research output and publication trends
as well as nuanced insights into technological applications, barriers to access, and collabo-
rative relationships that might not be apparent through purely quantitative analysis [56].

Scopus was selected as the sole source for bibliometric data because it provides the
most comprehensive coverage of peer-reviewed journals in the fields of Earth observation,
remote sensing, and archaeology, while also offering standardized metadata (including
author affiliations, keywords, and DOIs) necessary for reliable comparative analysis [9,57].
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The database provides robust search capabilities with advanced Boolean operators, field-
specific searching, and sophisticated filtering options that make it particularly suitable for
complex interdisciplinary queries spanning multiple academic domains and publication
types [58]. In contrast, Web of Science offers narrower journal coverage in the humanities
and applied sciences, and Google Scholar—while broader—lacks the metadata quality,
transparency, and deduplication mechanisms required for rigorous bibliometric work.

Four complementary search queries were developed to capture different aspects of
the research domain, following established systematic review protocols for search strategy
development and validation [59,60]. This process was based on the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA) methodology review [61],
ensuring in this way the transparency, reproducibility, and completeness of the survey. This
survey employed a keyword-based approach rather than field-of-research classifications,
since the remote sensing literature is fragmented, as noted in previous reviews [3,9] The
use of Earth observation technologies in archaeology is evident across multiple disciplines
and areas of expertise, reflecting its multidisciplinary nature.

The first query focused on core remote sensing applications in archaeology, combining
terms related to satellite and aerial remote sensing technologies with archaeological and
cultural heritage applications. The second query specifically targeted artificial intelligence
and machine learning applications in archaeological remote sensing, reflecting the growing
importance of these technologies in the field. The third query explicitly searched for studies
addressing geographic disparities, digital divides, or bias in remote sensing applications.
The fourth query captured broader applications in archaeological survey and heritage
management contexts (see Table 1).

Table 1. Search strategy performance and literature coverage.

Query Focus Records Percentage Coverage Research Emphasis

Core Remote Sensing Q! 4573 92.2% Comprehensive Traditional methods

Advanced .
. . Q2 o,

AI/ML Applications 272 5.5% techniques Computational methods
Geographic Disparities @ 44 0.9% Critical perspectives Social analysis
Heritage Management Q* 72 1.4% Practical applications ~ Implementation focus

Combined Total 4961 100%

Ql TITLE-ABS-KEY ((“remote sensing” OR “satellite imagery” OR “earth observation” OR “space archaeology”
OR “aerial photography” OR “LIDAR” OR “hyperspectral”) AND (archaeology OR archaeological OR “cultural
heritage” OR “heritage monitoring” OR “site detection” OR “landscape archaeology”)). @ TITLE-ABS-KEY
((“artificial intelligence” OR “machine learning” OR “deep learning” OR “convolutional neural network” OR
“automated detection” OR “computer vision”) AND (“remote sensing” OR “satellite imagery” OR “earth observa-
tion”) AND (archaeology OR archaeological OR “cultural heritage”)). @ TITLE-ABS-KEY ((“remote sensing” OR
“satellite archaeology” OR “earth observation”) AND (archaeology OR archaeological) AND (“global south” OR
“developing countries” OR “global north” OR “developed countries” OR “digital divide” OR bias OR disparity
OR inequality)). Q4 TITLE-ABS-KEY ((“satellite remote sensing” OR “space-based” OR “earth observation”) AND
(“archaeological survey” OR “archaeological prospection” OR “heritage management” OR “cultural landscape”)).

The search was conducted in August 2025, using the Scopus Advanced Search in-
terface. Query 1, focusing on core remote sensing archaeology applications, retrieved
5124 records, representing the largest subset of the literature. Query 2, targeting Al and
machine learning applications, identified 317 records, reflecting the more specialized nature
of these technological approaches. Query 3, explicitly addressing geographic and equity
issues, yielded only 48 records, suggesting limited scholarly attention to these concerns
within the published literature. Query 4, capturing broader archaeological remote sens-
ing applications, identified 85 additional records, bringing the total initial retrieval to
5574 records across all four search strategies.
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As the search was limited to the period 2000-2025 for papers published as journal
research articles, conference papers, and review papers, further papers from the initial
query have been excluded (4573 papers from Query 1; 272 papers from Query 2; 44 papers
from Query 3; and 72 papers from Query 4). The remaining papers totaled 4961 records.

Given the overlapping nature of the search queries, systematic deduplication was
essential to ensure accurate analysis. The deduplication process followed established
protocols using Electronic Identifier (EID) matching as the primary method, as Scopus
assigns unique EIDs to each indexed publication regardless of variations in citation format.
The identification of 371 duplicate records across the four queries, representing a 7.5%
duplication rate, indicated that the four search strategies successfully captured distinct but
complementary aspects of archaeological remote sensing research. From the remaining
papers, 231 papers were manually excluded as their topic was not aligned with the scope
of this study. Screening was performed by combining the “Subject Area” filter in Scopus
to remove non-relevant material with a manual review of titles and abstracts conducted
by the author. Therefore, the final dataset comprising 4359 archaeologically relevant
publications was further screened and processed by the author. The dataset encompasses
research spanning from traditional satellite imagery interpretation to cutting-edge artificial
intelligence applications, confirming the comprehensive nature of the search strategy in
capturing genuine archaeological applications of Earth observation technologies across
diverse geographic and temporal contexts.

The above dataset was also compared and discussed against the overall growth of sci-
entific papers in the domains of remote sensing and earth observation. Therefore, a similar
approach (query) was followed again in the Scopus engine, using the terminology “satellite
remote sensing” or “earth observation”, limiting our findings to the period between 2000
and 2025 and only for papers published as journal research articles, conference papers, or
review papers. In total, 173,474 papers were published within this period.

Study locations and author institutional affiliations were classified according to es-
tablished United Nations geographic groupings supplemented by World Bank income
classifications to capture both the geographic and economic dimensions of global inequality.
As mentioned earlier, the Global North classification includes North America (United States
and Canada), Europe (including European Union member states, the United Kingdom,
Norway, Switzerland, and Iceland), and developed Asia-Pacific regions (Japan, South
Korea, Australia, and New Zealand). The Global South classification encompasses Africa,
Latin America and the Caribbean, and developing Asia (including China, India, Southeast
Asia, Central Asia, and the Middle East). Moreover, information related to the UNESCO
World Heritage Sites has been retrieved, as shown in Figure 1.

Global North Global South ® World Heritage Sites

Figure 1. Global North/South classification per this study.
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3. Results
3.1. Temporal Distribution and Research Evolution Patterns

Analysis of publication years within the archaeologically relevant dataset reveals
significant temporal trends that demonstrate the explosive growth of archaeological remote
sensing research, particularly in the most recent decade. The temporal distribution demon-
strates unprecedented acceleration in research output, with over 47% of all archaeological
remote sensing research published in just the last five years of the study period. Table 2
compares the temporal distribution and growth of publications in archaeological Earth
observation (EO) with those in Earth observation overall between 2000 and 2025 for the
top 10 countries. Archaeological EO shows a sharp acceleration, from just 117 publications
(2.7%) in 2000-2004 to 2059 (47.2%) in 2020-2025, marking a +3626% growth rate across
the period. In contrast, Earth observation overall grew from 13,551 publications (7.8%)
to 72,454 (41.8%), corresponding to +1180% growth. Despite its smaller absolute scale,
Archaeological EO demonstrates a much stronger relative expansion, especially in the
last decade, indicating its increasing importance within the broader EO domain. Figure 2
visualizes the findings as follows: the number of publications related to Earth observation
and archaeology (Figure 2a), the percentage of these publications by country (Figure 2b), the
total number of Earth observation publications per country (Figure 2c), and their percentage
distribution (Figure 2d).

Table 2. Temporal distribution and growth analysis (2000-2025).

. Archaeologicall o EO Overall o EO Overall
Period Relevant Pubglicatizns to Growth Rate Publications EO Overall % Growth Rate
20002004 117 2.7% Baseline 13,551 7.8% Baseline
2005-2009 396 9.1% +238.5% 20,345 11.7% +50.1%
2010-2014 658 15.1% +66.2% 28,117 16.2% +38.2%
2015-2019 1129 25.9% +71.6% 39,007 22.5% +38.7%
2020-2025 2059 47.2% +82.4% 72,454 41.8% +85.7%
Total 4359 100% +3625.6% 173,474 100% +1180.2%

The early foundational period from 2000 to 2005 produced only 117 publications
(2.7% of the total), representing the initial exploration of satellite imagery applications in
archaeological contexts when high-resolution commercial satellites were first becoming
available. The foundation-building period from 2005 to 2009 witnessed steady growth
to 396 publications (9.1% of the total), reflecting growing acceptance of remote sensing
methodologies within the archaeological community (Figure 3). As shown in Figure 3,
archaeological-related publications showed modest beginnings in 2000-2004, followed by
sharp accelerations: +239% in 2005-2009, +66% in 2010-2014, +72% in 2015-2019, and a
further +82% in 2020-2025. Earth observation overall follows a steadier but large-scale ex-
pansion, +50%, +38%, +39%, and +86%, in the same periods. Although the absolute volume
of Earth observation publications is substantially higher, archaeological EO demonstrates
a consistently stronger relative growth, especially in the last two decades. This pattern
suggests that archaeological Earth observation is increasingly consolidating its role within
the broader EO domain, gaining visibility and momentum at a faster pace relative to the
general field.

Indeed, the expansion period from 2010 to 2014 produced 658 publications (15.1% of
the total). The rapid expansion period from 2015 to 2019 reached substantial output, with
1129 publications (31.8% of the total), reflecting the establishment of archaeological remote
sensing as a solid subdiscipline, driven by the launch of the Copernicus Sentinel missions
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providing free, high-quality satellite imagery and increased availability of open-access
historical satellite archives [16,62].

(a)
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Figure 2. A map visualizing the temporal distribution and growth analysis (2000-2025). Publications
related to Earth observation and archaeology: (a) the number of publications per country, (b) the
percentage of publications per country, (c) the total number of Earth observation publications per
country, and (d) the percentage distribution of Earth observation publications per country.
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Figure 3. Temporal distribution of scientific publications (2000-2025).
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Most remarkably, the recent acceleration period from 2020 to 2025 produced
2059 publications (47.0% of the total) despite representing only five years, indicat-
ing extraordinary growth in research output, with a particular emphasis on compu-
tational approaches, machine learning applications, and integration with emerging
technologies [44,46].

3.2. Geographic Distribution and Regional Research Patterns

Analysis of author affiliations shows that archaeological remote sensing research
is regionally concentrated, with pronounced Global North—Global South gaps reflecting
unequal access to technology, infrastructure, and institutional capacity. This geographic
pattern provides empirical evidence of concentration and its implications for equity in
heritage protection (Table 3).

Table 3. Top contributing countries and research distribution (counts reflect papers with at least one
author from country.).

o,
Country Publications Percentage  Regional Position Country Publications g\?efrgg Regional Position
0 United o North America
Italy 886 20.3% Europe lead.er States 45,133 17.4% leader
United States 726 16.7% North America China 44,047 17.0%  Bast Asia leader
Kg?gléi)% 438 10.0% Europe major Gerr.nany 14,598 5.6% Europe leader
China 380 8.7% East Asia leader KUmted 11,990 4.6% Europe major
ingdom
Germany 319 7.3% Europe major France 11,763 4.5% Europe major
Spain 289 6.6% Iberian leader Italy 11,077 4.3% Europe major
France 250 5.7% Europe major India 10,537 4.1% South Asia leader
Greece 187 4.3% Medlfterranean Japan 9031 3.5% East Asia major
ocus _
Australia 142 3.3% Oceania leader ~ Canada 7073 2.7% North America
secondary
o North America Russian o Eastern
Canada 120 2.8% secondary Federation 7041 2.7% Europe/Eurasia

Based on institutional affiliation analysis of the dataset (n = 4359), Italy is the largest
contributor with 886 publications (20.3%), followed by the United States with 726 (16.7%),
the United Kingdom with 438 (10.0%), and China with 380 (8.7%). These patterns are
consistent with differences in national investment in Earth observation infrastructure and
strong university programs [63]. Importantly, Greece (4.3%), though a smaller research
system, holds a significant Mediterranean position, demonstrating its disproportionate
influence compared to its size. By contrast, in the broader EO landscape, China (17.0%)
nearly matches the United States (17.4%), illustrating its rise as a dominant global hub.
Europe remains strong through Germany, the UK, France, and Italy, but with smaller shares
than in archaeological EO. This comparison highlights how countries like Italy and Greece
are over-represented in Archaeological EO, while China’s global weight is more visible in
overall EO.

European countries collectively show strong output in archaeological remote sens-
ing. Germany contributes 319 publications (7.3%), Spain 289 (6.6%), France 250 (5.7%),
and Greece 187 (4.3%). This distribution aligns with coordinated EU funding, shared
ESA-Copernicus infrastructure, and the region’s dense archaeological resource base requir-
ing advanced monitoring [62,64—66].

3.3. Regional Analysis and Global North-South Disparities

Using first-listed author affiliation to assign each paper to one region, the Global
North accounts for 3438 publications (78.9%) and the Global South for 789 (18.1%), with 132
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(3.0%) unassigned (in cases of international organization publications)—an overall ~4.4:1
Global North-Global South ratio. Within the first region, Europe dominates with 2663
(61.1%), followed by North America with 607 (13.9%) and developed Asia-Pacific with 168
(3.9%). On the Global South side, China leads with 339 (7.8%), then the Middle East/North
Africa with 204 (4.7%), South Asia with 103 (2.4%), Latin America with 92 (2.1%), Sub-
Saharan Africa with 26 (0.6%), and Other East Asia with 25 (0.6%). Table 4 summarizes this
information along with the number of UNESCO World Heritage Sites per region.

Table 4. Regional distribution and global equity analysis.

Region Publications Percentage World Heritage Sites  Research Intensity
Global North
North America 607 13.9% 45 (3.6%) Very High
Europe 2663 61.1% 492 (39.4%) High
Developed Asia-Pacific 168 3.9% 66 (5.3%) Low
Global North Total 3438 78.9% 603 (48.3%)
Global South
China 339 7.8% 60 (4.8%) High
Other East Asia 25 0.6% 97 (7.8%) Very Low
South Asia 103 2.4% 66 (5.3%) Very Low
Middle East/North Africa 204 4.7% 151 (12.1%) Very Low
Sub-Saharan Africa 26 0.6% 117 (9.4%) Very Low
Latin America 92 2.1% 154 (12.3%) Very Low
Global South Total 789 18.1% 645 (51.7%)

North America, led by the United States and Canada, accounts for 607 publications
(13.9%), reflecting substantial government and institutional investment in satellite technol-
ogy and archaeological research. Europe is the dominant contributor, with 2663 publications
(61.1%), benefiting from coordinated multinational programs and shared ESA-Copernicus
infrastructure. Taken together, the Global North produces 3438 publications (78.9%), while
the South contributes 789 (18.1%). This imbalance is visible when viewed against heritage
distribution: Global South regions host 645 UNESCO World Heritage Sites (51.7%) yet
generate under one-fifth of the research output.

Within the South, China contributes 339 publications (7.8%) and hosts 60 World
Heritage Sites (4.8%), indicating relatively high research intensity compared with its site
share, though most work targets domestic applications. For instance, during the period
2000-2025, 78.9% of the total publications were generated from the North region compared
to only 18.1% of the South areas (Figure 3). Other developing regions are markedly under-
represented relative to heritage significance: Sub-Saharan Africa hosts 117 World Heritage
Sites (9.4%) but accounts for only 26 publications (0.6%); Latin America and the Caribbean
host 154 World Heritage Sites (12.3%) but contribute 92 publications (2.1%); and the Middle
East/North Africa hosts 151 World Heritage Sites (12.1%) but contributes 204 publications
(4.7%). These gaps are especially concerning in areas facing acute protection challenges,
where research capacity lags conservation need.

Figure 4 presents a comparative analysis of the distribution of publications between
the two regions in both archaeological Earth observation (EO) and Earth observation
overall for the period 2000-2025. Within archaeological EO, the Global North produces
3438 publications (81.3%), whereas the Global South contributes 789 publications (18.7%).
When contrasted with the broader EO domain, however, a different pattern emerges: the
North accounts for 88,387 publications (65.3%), while the South contributes a comparatively
larger share of 46,950 publications (34.7%).
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Figure 4. Global North vs. Global South publications during the period 2000-2025.

This situates archaeological Earth observation within its disciplinary context and
reveals that the under-representation of the South is not merely a reflection of global publi-
cation asymmetries but is amplified in the archaeological subfield. Whereas the broader
EO domain demonstrates a gradual narrowing of the North-South gap, archaeological
EO exhibits a more entrenched imbalance. This finding underscores that the issue is not
simply the expected predominance of the North in scientific production but a dispropor-
tionate exclusion of the Global South from a field directly relevant to its cultural and
archaeological heritage.

The Research Intensity Index (RII), defined as the ratio of a region’s share of publi-
cations to its share of World Heritage Sites, can be used as a metric as it indicates over-
or under-representation in research. We can therefore interpret the RII as follows: Very
High (RII > 2.5) signals strong over-representation, with much more research than site
share; High (1.5 < RII < 2.5) indicates clear over-representation; Moderate (0.8 < RII < 1.5)
reflects research roughly proportional to site share; Low (0.5 < RII < 0.8) denotes under-
representation; and Very Low (RII < 0.5) denotes strong under-representation. The findings
of the RII metric for the period 2000-2025 per region are depicted in Figure 5. Again, the
differences between these areas are obvious (except for China, as discussed below).

Over-/Under-Representation by Region (RIl, 2000-2025)
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N
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O

Figure 5. Research Intensity Index by region.
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3.4. Technological and Methodological Evolution Patterns

Furthermore, analysis of research content shows that most studies rely on open
multispectral missions—notably Landsat (TM/ETM+/OLI/TIRS, 30 m) and Sentinel-
2 MSI (10-20 m)—for diachronic change detection, spectral indices, and cost-effective
baselines [62,63,67]. Very-high-resolution (VHR) commercial sensors (e.g., WorldView-
2/3, GeoEye-1, Pléiades/Pléiades-Neo, SPOT-6/7, PlanetScope/SkySat, Gaofen) support
feature-scale site mapping, looting assessment, and excavation planning; WorldView-3
SWIR is frequently used for material discrimination [68,69]. SAR usage has risen markedly
since ~2015, with Sentinel-1 (C-band) for all-weather monitoring, ALOS-1/2 PALSAR (L-
band) for vegetation/moisture penetration and ground condition mapping, and TerraSAR-
X/COSMO-SkyMed (X-band) for fine-texture change and deformation analysis [70-73].

Thermal /SWIR data—Landsat TIRS, ASTER VNIR/SWIR/TIR, and WorldView-3
SWIR—support material classification, paleohydrology, and burn scar/soil mark detec-
tion [68,74]. Spaceborne hyperspectral has become a promising frontier, with PRISMA and
EnMAP enabling pigment/mineral/soil spectral unmixing and subtle landscape process
detection [75-77]. Topographic products such as SRTM and TanDEM-X DEMs under-
pin landscape modeling, viewsheds, and change detection [78,79]. Historic CORONA
(KH-4) imagery remains invaluable for sub-meter baselines in site discovery and long-term
landscape change analysis [80,81]. Across the corpus, satellite scenes appear in >85% of
publications and GISs remain ubiquitous (=60-70%), with growing multi-sensor fusion
(optical + SAR + DEM) feeding contemporary machine learning workflows.

4. Discussion
4.1. Advancing Fair Access to Heritage Protection Technologies

The record shows a digital divide in heritage protection, with high-end capabilities
clustered in certain regions and limited availability where resources are most at risk. The
~4.4:1 ratio between Global North and Global South research output (78.9% vs. 18.1%),
despite Global South regions hosting 51.7% of UNESCO World Heritage Sites, represents
a fundamental failure and gap of current approaches to technological development and
dissemination. While this observation is obviously for the entire period of this study (i.e.,
between 2000 and 2025), as shown in Figure 6, a steady increase in papers from the Global
South is reported, which should be primarily linked with increased recording of relevant
publications from China (see Section 4.3).

Sub-Saharan Africa’s representation of only 0.6% of research output while hosting 9.4%
of UNESCO World Heritage Sites exemplifies this, indicating massive under-representation
with profound implications for heritage protection capacity. The region faces severe threats
to archaeological heritage, including rapid urbanization, climate change impacts, armed
conflict, and extractive industry development, yet lacks access to remote sensing technolo-
gies essential for modern heritage monitoring [82,83].

This capacity gap has consequences that go well beyond academia, implicating the
long-term protection and management of cultural heritage. When primary tools for doc-
umenting and monitoring archaeological heritage are developed by well-resourced in-
stitutions for their contexts, there is a risk that diverse approaches to understanding
cultural landscapes will be replaced by standardized frameworks inappropriate for all
cultural contexts.

The concentration of artificial intelligence development in North institutions cre-
ates additional risks of algorithmic “colonialism”, where automated heritage detection
systems encode cultural assumptions inappropriate for diverse global heritage contexts.
When Al systems are trained primarily on specific landscapes and well-documented sites,
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their application to other environments may systematically under-represent important
cultural resources.

Archaeological EO Publications (count)
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Figure 6. Publications per year (2000-2025) for Global South against Global North. Earth observation-
related publications are also indicated with green (secondary Y-axis).

Funding analysis from the available references indicates diverse support mechanisms
including national research councils (such as the National Social Science Fund of China),
though many publications lack explicit funding acknowledgments, potentially indicating
either unfunded research or different reporting practices across regions and institutions.
The presence of both government and private funding sources suggests multiple pathways
for supporting archaeological remote sensing research, though the distribution of funding
appears uneven across geographic regions.

Figure 7 illustrates the regional distribution of publications in archaeology using Earth
observation research from 2000 to 2025, expressed as the share of total output per year.
Europe consistently dominates the field, accounting for the largest share throughout the
period, although its relative proportion shows fluctuations over time. North America
also maintains a significant but smaller share, while Asia demonstrates a steady increase,
particularly after 2015, reflecting the region’s growing research capacity and investment
in space-based applications. Latin America, the Middle East, Oceania, and Africa remain
under-represented, with Africa showing only a marginal contribution despite its extensive
cultural heritage and research needs. The “Other” category captures a persistent portion of
publications, indicating contributions from international organizations. Overall, the chart
highlights enduring regional disparities, with the Global North maintaining dominance
but Asia emerging as a notable contributor in recent years.



Remote Sens. 2025, 17, 3371

14 of 21

Regional Distribution of Publications Over Time

100 Em Africa

I mm Asia
E | “
"
I I I

B Latin America & Caribbean

Middle East
H ﬂ mmm North America
| | Oceania
H I 1

o]
o
==

Other

Europe
60
-

40

Share of Publications (%)

2014
2015
2016
2017
2018
2019 .
2020
2021
2022
2023
2024
2025

O 04 N MY WO N ® O O
© © O 9 © © © © © © o
SO ©O © © © © © © © © o
N N NN NN~

- N m
— =
o o o
N N N

year

Figure 7. Publications per year (2000-2025) per region.

4.2. The European Model and the Acceleration Paradox

As mentioned earlier, European institutions account for 61.1% of global archaeological
remote sensing output, illustrating how coordinated regional approaches can lift capac-
ity beyond what individual countries might achieve alone. Key drivers include shared
technological infrastructure through ESA’s Copernicus program, coordinated EU funding
frameworks, and complementary national strengths in archaeological heritage and remote-
sensing technology. Italy is the largest single-country contributor at 20.3%, reflecting both
its exceptional archaeological heritage and deep integration in European collaboration
networks and technology investment.

Countries such as Greece (4.3%) show how strong heritage assets, combined with
access to shared infrastructure, can sustain notable research productivity even in smaller
economies. Replicating the European model elsewhere will require tailoring to local
historical, institutional, and economic contexts; for the Global South, this may mean
prioritizing South-South collaboration networks, regional centers of excellence that build
capability without dependency, and staged technology transfer programs that progressively
develop local capacity [84].

With 47.2% of all papers published in 2020-2025 (2059 of 4359; +82.4% vs. 2015-2019),
the field’s acceleration creates a paradox: sophistication expands possibilities while erecting
new barriers to participation. It should be mentioned that comparable regional initiatives
are also emerging in the Global South. In Latin America, programs such as SERVIR Amazo-
nia [85] promote EO capacity building, while in Africa, the GMES & Africa initiative [86]
fosters regional EO services and training. Although smaller in scope and less heritage-
focused than Europe’s, these efforts highlight the potential of regional models beyond the
European context.

The rapid uptake of Al (see [48,87-89]) promises major gains in site discovery and
monitoring, yet it depends on substantial computing resources, specialist expertise, and
suitable training datasets that many communities lack. This acceleration is especially
challenging for Global South institutions still building basic remote sensing capacity as the
field shifts toward compute-intensive methods and advanced infrastructure. The growth
pattern also raises questions about sustainability and whether the pace of development
fosters unrealistic expectations for purely technological solutions to heritage protection.

4.3. The Chinese Case Study

China’s position as the fourth-largest contributor to archaeological remote sensing
research—accounting for 8.7% of global output—presents a complex case that challenges
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simple Global North-South categorizations while raising questions about technological
sovereignty and research autonomy in archaeological applications [13,90]. China’s substan-
tial output reflects major state investment in satellite technology and archaeological research
infrastructure, demonstrating how national commitment to technological development can
rapidly build research capacity in previously under-represented regions.

At the same time, Chinese publishing patterns reveal limitations that distinguish its
position from traditional Global North leaders. Much of the work centers on domestic
heritage sites and applications rather than international collaboration or methods with
broad global applicability. Nearly one-fifth of the relevant records from China are Chinese-
language publications (n = 66). This pattern suggests that, despite significant technological
capacity, research remains relatively insulated from international networks and may exert
limited influence on global methodological development and collaborative frameworks.
Nevertheless, this appears to be changing, particularly over the last decade.

The Chinese case illustrates both the potential and limits of nationally focused capac-
ity building in archaeological remote sensing. While substantial public investment can
rapidly expand technical capabilities and publication output, weak ties to international
collaboration may constrain global impact and the transferability of findings. Technological
capacity in this field requires not only access to satellites and computational resources but
also integration with international research communities and collaborative infrastructures.
For other Global South countries seeking independent capacity, the Chinese experience
suggests that sustained international collaboration and knowledge sharing are essential
complements to investment, maximizing both global impact and practical application.

Nevertheless, steps forward have been made, mostly driven by China. Figure 8
compares the share of publications between the two geographic areas from 2000 to 2025.
The Global North initially dominates the field with nearly 100% of publications in 2000,
but its share shows a gradual decline over time, falling to around 60% by 2025. In contrast,
the Global South starts from a marginal contribution, but its share steadily increases,
particularly after 2010, reaching close to 40% by 2025. This trend highlights a narrowing
gap between the two regions, suggesting growing research participation and capacity in
the Global South—mainly due to China—though the North continues to hold the majority
share. The overall pattern indicates a slow but significant shift toward greater global
inclusivity in Earth observation-related archaeological research. Notably, the proportions
shown in Figure 8, especially for 2025, align closely with the standard pattern documented
in Earth observation research (see Figure 4).
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Figure 8. Share (%) of publications per year (2000-2025) per region.
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4.4. Pathways Toward Technological Justice

International funding agencies need to restructure their approaches to prioritize com-
prehensive capacity building over short-term technology transfer, with explicit require-
ments for Global South leadership and sustainability. This includes supporting regional
collaborative networks enabling peer-to-peer knowledge sharing, investing in compu-
tational infrastructure and educational programs building local expertise, and funding
culturally appropriate technology development. The “Endangered Archaeology in the
Middle East and North Africa” (EAMENA) initiative [91] as well as other similar projects
are some examples of this approach.

Moreover, efforts should be made in the domain of Al systems with globally rep-
resentative training datasets, creating simplified analytical tools and providing essential
capabilities without requiring advanced infrastructure, establishing open-source develop-
ment communities, and enabling meaningful Global South participation.

Educational institutions should recognize technology transfer as legitimate scholarly
activity deserving professional recognition equivalent to traditional research. This includes
developing appropriate evaluation metrics extending beyond publication counts, creating
interdisciplinary curricula integrating technological training with cultural sensitivity, and
establishing international partnership programs prioritizing capacity building.

5. Conclusions

This systematic review of 4359 unique publications spanning 25 years documents
both extraordinary growth and profound geographic disparities in archaeological remote
sensing. Quantitatively, 47.2% of all output appears in 2020-2025, while 78.9% originates
from North institutions—even though the Global South hosts 51.7% of UNESCO World
Heritage Sites (the Global North hosts 48.3%). At the same time, the overall trend of the
scientific field of Earth observation was studied for comparison purposes.

The temporal analysis shows near-exponential growth: output rose by ~1661% from
2000-2004 to 2020-2025. This acceleration signals that remote sensing has become central
to archaeological practice, driven by advances in satellites, computing, and Al Yet growth
is concentrated geographically, reinforcing rather than easing global inequalities.

Just three countries—Italy (20.3%), the United States (16.7%), and the United Kingdom
(10.0%)—-account for ~47% of global output, while regions with the greatest protection
challenges remain under-represented. Sub-Saharan Africa contributes only 0.6% of research
despite hosting 9.4% of WHSs, a stark capacity gap with direct implications for heritage
protection. This gap between the two regions is also wider than that observed in the general
Earth observation field (Figure 3), although it has narrowed in recent years (Figure 6).

The crisis extends beyond publication counts to cultural survival, equity, and excel-
lence in a digital era where Earth observation technologies are essential for safeguarding
heritage [92-98]. When tools are developed mainly by well-resourced institutions for
their own contexts, diverse ways of reading cultural landscapes risk being displaced by
standardized frameworks ill suited elsewhere. The concentration of Al development in
Global North institutions adds risks of algorithmic “colonialism”: models trained largely
on well-documented sites can underperform in other environments. The concentration of
artificial intelligence development in Global North institutions, evident in sophisticated
applications like the vision transformer research achieving 98.1% settlement recognition
accuracy [99], creates additional risks of algorithmic colonialism where automated heritage
detection systems encode cultural assumptions and analytical frameworks that may be
inappropriate for diverse global heritage contexts.

Europe’s success illustrates what coordinated regional approaches can achieve—shared
infrastructure and funding enabling productivity beyond any single country. The lack of
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analogous frameworks across much of the Global South underscores the need for institu-
tional interventions that tackle structural barriers to cooperation and capacity building.

Acceleration creates both opportunity and risk. Without deliberate action to broaden
access to data, computer, and training resources, rising technical sophistication may harden
global stratification rather than reduce it. Heritage sites are under threat globally due to the
same reasons: climate change, urbanization, and conflict intensify threats to sites world-
wide. Concentrated capabilities leave many at-risk places without effective monitoring.
The evidence base here supports concrete strategies for a more equitable technological
pathway—recognize heritage protection as a global public good, move beyond market-only
logics, and invest in coordinated measures that address structural inequalities—so the
demonstrable potential of archaeological remote sensing benefits all communities, not just
the best resourced.

Of course, we need to acknowledge that the present analysis is bounded by several
methodological and conceptual constraints. First, it adopts the Global North—Global
South dichotomy as the principal analytical lens. While this binary provides a widely
recognized heuristic for examining structural asymmetries, it inevitably obscures other
salient dimensions of research capacity, including the possession of national space programs,
environmental constraints such as persistent cloud cover in tropical and equatorial regions,
the uneven global distribution of cultural heritage resources, and the heterogeneity of
national research and heritage management policies. China, in particular, presents a case
that challenges the simplicity of the North—-South binary. While classified within the Global
South, China simultaneously operates as a global leader in space technology and Earth
observation research. Its dual position highlights the limitations of rigid categorizations
and underscores the need for frameworks that account for both structural inequalities and
emerging scientific powers.

Second, the exclusive reliance on Scopus as a bibliometric source introduces poten-
tial coverage biases. Although Scopus offers extensive metadata and robust analytical
functionality, its indexing practices tend to favor journals from established publishers and
high-income regions, and may therefore under-represent scholarly outputs from the Global
South, particularly those disseminated through regional or local outlets. These limitations
suggest that the disparities documented here should be regarded as conservative estimates,
and they highlight the importance of future work that incorporates multiple bibliometric
databases and alternative classificatory frameworks.
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Abstract

Chatbots have emerged as a promising interface for facilitating access to complex datasets,
allowing users to pose questions in natural language rather than relying on specialized
technical workflows. At the same time, remote sensing has transformed archaeological
practice by producing vast amounts of imagery from LiDAR, drones, and satellites. While
these advances have created unprecedented opportunities for discovery, they also pose sig-
nificant challenges due to the scale, heterogeneity, and interpretative demands of the data.
In related scientific domains, multimodal conversational systems capable of integrating nat-
ural language interaction with image-based analysis have advanced rapidly, supported by
a growing body of survey and review literature documenting their architectures, datasets,
and applications across multiple fields. By contrast, archaeological applications of chat-
bots remain limited to text-based prototypes, primarily focused on education, cultural
heritage mediation or archival search. This review synthesizes the historical development
of chatbots, examines their current use in remote sensing, and evaluates the barriers to
adapting such systems for archaeology. Four major challenges are identified: data scale
and heterogeneity, scarcity of training datasets, computational costs, and uncertainties
around usability and adoption. By comparing experiences across domains, this review
highlights both the opportunities and the limitations of integrating conversational Al into
archaeological workflows. The central conclusion is that domain-specific adaptation is
essential if multimodal chatbots are to become effective analytical partners in archaeology.

Keywords: multimodal chatbots; conversational AL remote sensing; drone photogrammetry;
digital archaeology; human-AlI collaboration; archaeological data analysis

1. Introduction

Archaeology has consistently advanced in parallel with technological innovation, with
each new tool reshaping the questions that could be asked and the scales at which they
could be explored [1]. The adoption of computers in the 1960s introduced early computa-
tional methods into archaeological practice [2], while the widespread use of Geographic
Information Systems (GIS) in the 1990s enabled large-scale spatial analyses and new forms
of data integration [3,4]. These developments have been described as successive “digi-
tal revolutions” that fundamentally transformed the discipline [2,5]. More recently, the
exponential increase in digital datasets has created what Grosman terms a “point of no re-
turn,” where archaeology can no longer function without computational infrastructures [2].
Within this broader digital turn, remote sensing has emerged as a decisive milestone,
providing archaeologists with unprecedented access to high-resolution satellite imagery,
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airborne LiDAR and drone-based photogrammetry [2,6]. These techniques have revealed
hidden landscapes, identified previously undetectable sites, and enabled investigations at
regional scales. At the same time, they have generated vast and heterogeneous datasets,
the interpretation of which requires significant technical expertise and computational
resources [2,4].

In parallel with these technological transformations in archaeology, conversational
systems—commonly referred to as chatbots—have undergone a profound evolution over
the past six decades. The earliest chatbot, ELIZA, was developed by Joseph Weizenbaum
at MIT in 1966 and simulated by a Rogerian psychotherapist by applying pattern-matching
and substitution rules to user inputs [7,8]. Despite its simplicity, ELIZA demonstrated
that limited linguistic cues could create the illusion of understanding, giving rise to what
later became known as the “ELIZA effect.” The canonical CACM publication provides a
detailed description of ELIZA’s pattern-matching logic and early human—computer dia-
logue behavior [8]. A few years later, PARRY (1972), created by Kenneth Colby, introduced
rudimentary modelling of beliefs and emotions, representing one of the first attempts to
simulate human reasoning [9]. Colby’s later work expanded this approach by introducing
affective modelling and belief systems in conversation design [9]. These pioneering systems
were followed by increasingly complex rule-based and retrieval-based models through
the 1980s and 1990s, including Jabberwacky, ALICE, and Mitsuku, which used pattern
databases and hand-crafted scripts to sustain conversation [10].

The emergence of statistical natural language processing in the early 2000s marked
a decisive turning point. Data-driven models enabled chatbots to move beyond fixed
templates and to learn from corpora of real dialogues [11,12]. With the introduction of deep
learning and transformer architectures, modern conversational systems such as OpenAl’s
GPT series [13], Google’s LaMDA [14], and Microsoft’s Xiaolce [15] now integrate context,
memory, and multimodal capabilities that combine text, image, and speech [12,16]. This
rapid progress has positioned chatbots as central tools across multiple sectors, including
healthcare, education, environmental monitoring, and customer support [17].

However, despite this acceleration, applications in archaeology remain limited. Most
existing archaeological chatbots such as the CHATBot developed by Casillo et al. [18] are
text-based, designed for visitor engagement or archival retrieval rather than analytical
interpretation of imagery. By contrast, in domains such as remote sensing, geospatial
analysis, and environmental monitoring, multimodal conversational agents have already
begun to assist in data analysis and interpretation. This discrepancy underscores a key gap:
while the technology to integrate natural language interaction with image-based analysis
exists, its adaptation to archaeological remote sensing has yet to be achieved.

The intersection of these two technological trajectories, remote sensing and conversa-
tional artificial intelligence, represents a new frontier for digital archaeology. Remote sens-
ing has transformed archaeological discovery by revealing landscapes at unprecedented
scales [2,6], while chatbots have reshaped human—computer interaction through natural
language communication [10,15]. However, no integrated framework currently exists that
combines these capabilities to support archaeological analysis. Existing archaeological
chatbots remain text-based, designed for education or heritage communication [19-21]. In
contrast, multimodal systems capable of processing imagery have advanced rapidly in
other fields such as agriculture, environmental monitoring, and geospatial analysis [22-24].
This disparity reveals a clear research gap, since archaeology has not yet benefited from mul-
timodal conversational agents that can analyze remote sensing imagery through dialogue.

The purpose of this review study is to synthesize the state of the art in chatbots for
remote sensing and archaeology, to evaluate the challenges that constrain their adaptation,
and to highlight opportunities for developing domain sensitive multimodal conversational
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systems. By bridging these disciplines, this paper aims to demonstrate how conversational
artificial intelligence can lower technical barriers, democratize access to analytical tools and
enhance archaeological interpretation within the broader digital transformation of the field.

2. History of Chatbots

The concept of human-machine conversation has developed over more than half a
century and reflects the broader evolution of artificial intelligence research. The earliest sys-
tem regarded as a chatbot was ELIZA, created by Joseph Weizenbaum at the Massachusetts
Institute of Technology in 1966 [8]. ELIZA simulated a Rogerian psychotherapist through
simple pattern matching and text substitution, producing short replies that mirrored the
user’s own statements. Although the system lacked any real semantic understanding, it
demonstrated that minimal linguistic cues were sufficient to create the illusion of dialogue,
a phenomenon later termed the ELIZA effect. The interaction style of the original ELIZA
system is illustrated in Figure 1.

Welcome to

EEEEEE LL
LL
LL
LL
LLLLLL ITIII

zenpaum in 1

?

Figure 1. Example dialogue from Joseph Weizenbaum’s ELIZA program (1966), demonstrating the
simulated psychotherapy interaction that gave rise to the “ELIZA effect.” [25].

A few years later, Kenneth Colby designed PARRY (1972), which attempted to model
human reasoning by representing beliefs, goals and emotions [26]. In controlled tests,
psychiatrists were sometimes unable to distinguish between transcripts of PARRY and
those of real patients. These early systems established the foundation for rule-based
conversation engines that dominated chatbot design for several decades. This is illustrated
in Figure 2, which shows a sample interaction between a psychiatrist and PARRY.

During the 1980s and 1990s, improvements in computing power and data storage en-
couraged the creation of more sophisticated pattern matching chatbots such as Jabberwacky,
ALICE, and Mitsuku, which employed extensive databases of predefined responses [10,27].
Despite their limitations, these systems popularized conversational interfaces and inspired
the first public chatbot competitions, including the Loebner Prize.
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Psychiatrist: Good afternocon. My name is Doctor Jones.
PARRY: Pleased to meet you.

Psychiatrist: How are you?

PARRY: All right I guess.

Psychiatrist: Could you tell me your name?

PARRY: Pat Smith

Figure 2. Interface example and simulated dialogue from PARRY (1972), an early chatbot developed
by Kenneth Colby to emulate a patient with paranoid schizophrenia. The image illustrates the
system’s belief-emotion reasoning approach to conversation [9].

The emergence of statistical natural language processing in the early 2000s marked a
turning point. Machine learning techniques enabled chatbots to move beyond static scripts
and to learn from corpora of real dialogues [15]. The introduction of deep learning and
transformer architectures further advanced the field, leading to models that can generate
coherent, context aware dialogue. Contemporary systems such as OpenAl’s GPT series,
Google’s LaMDA, and Microsoft’s Xiaolce integrate context, memory and multimodal
capacities that combine text, image, and speech [12,16]. This rapid evolution has expanded
the role of chatbots far beyond information retrieval, enabling their application in healthcare,
education, environmental monitoring, and customer support [17]. This technological
progression from early rule-based systems to contemporary multimodal conversational

models is summarized in Figure 3.

roon. My name 1 Doctor Jnes “Chatterbot” is =
5 | coined Siri -
P 1994 2011 i
PARRY 4 > > >

Microsoft

1972 Tay
2016

ELIZA § y ;

Rise of LLMs
1966 2018-2020

The Turing Test

ChatGPT
1950 ® v 2022

Figure 3. Evolution of chatbots and conversational artificial intelligence, from early rule-based

systems such as ELIZA to contemporary domain-specific and multimodal conversational models,
providing conceptual context for their potential application in archaeology and remote sensing.

2.1. Foundations and Architectures of Chatbots

Chatbots can be broadly divided into two principal categories: rulebased systems and
datadriven or machinelearning systems.
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Rulebased chatbots rely on predefined scripts, patternmatching templates and decision
trees to produce answers that follow specific conversation paths [10]. Rulebased chatbots
operate through explicitly defined linguistic patterns, where every possible user input
is matched to a predefined template stored in the system’s knowledge base. These early
systems often relied on keyword detection and simple decision trees to trigger scripted
responses using frameworks such as AIML (Artificial Intelligence Markup Language) [11].
Because the dialogue logic was entirely deterministic, these chatbots could simulate co-
herent exchanges within narrow domains but failed when queries deviated from expected
inputs. Despite their rigidity, rule-based models laid the foundation for human-machine
dialogue by formalizing the structure of conversational turns and illustrating the feasibility
of computer mediated communication [8,26,28]. Although predictable and easy to imple-
ment, such systems are predictable and easy to implement but limited in their ability to
manage unstructured queries. Early examples include ELIZA and PARRY, which applied
deterministic rules to generate responses without real semantic processing [8,26]. Although
they demonstrated that humanlike conversation was technically achievable, these chatbots
were unable to interpret context or adapt to new topics.

Data driven approaches emerged with advances in natural language processing and
statistical learning. These methods represent a fundamental shift from handcrafted linguis-
tic rules to systems that learn conversational patterns directly from data. Instead of relying
on predefined templates, these models use large dialogue corpora to infer statistical regu-
larities in language. Early frameworks employed probabilistic methods such as Hidden
Markov Models (HMMSs) and ngram models to estimate the likelihood of word sequences,
forming the basis for speech recognition and intent detection. Subsequent developments
in machine learning introduced sequence to sequence architectures capable of mapping
user inputs to responses through supervised training. This paradigm enabled chatbots to
generalize beyond fixed scripts and generate more contextually relevant answers, marking
the transition from symbolic to statistical natural language understanding [12,15]. In the
2000s, probabilistic models such as Hidden Markov Models and sequence to sequence
networks allowed systems to learn linguistic structures directly from dialogue corpora [15].
These techniques were further refined through deep learning, which enabled models to
represent language as high dimensional embeddings that capture syntactic and semantic
relations [29]. Transformer-based architectures revolutionized natural language processing
by introducing a self attention mechanism that enables models to weigh the importance
of each word in relation to all others in a sentence [30]. Unlike recurrent or convolutional
models, transformers process entire sequences in parallel, allowing them to capture long
range dependencies and contextual nuances more efficiently [12]. This design underpins
large language models (LLMs) such as GPT3, GPT4, LaMDA and Xiaolce, which are trained
on massive text corpora containing billions of tokens the basic computational units of
language that represent words, sub words or punctuation. During training, each token is
converted into a vector in a high dimensional embedding space, allowing the model to
learn grammatical relationships, semantic meaning and contextual patterns between them.
The greater the number of tokens a model is exposed to, the richer and more generalizable
its linguistic representation becomes, though this also increases computational cost and
memory requirements. Consequently, transformer-based chatbots achieve remarkable
fluency and contextual understanding but face ongoing challenges of bias, interpretability
and efficiency [16,17,31].

While the transition from rule-based to transformer-based architectures represents a
major technological leap, it also redefines the notion of a chatbot itself. Modern conversa-
tional agents are no longer fixed question-answer tools but adaptive systems capable of
reasoning, content generation and multimodal interaction. This transformation forms the
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technical basis upon which new domain specific applications, including those for remote
sensing and archaeology, are now being developed.

Table 1 summarizes the main technological stages in chatbot evolution, from rule-based
pattern matching to transformer-based multimodal systems. The comparison outlines
how each generation introduced new capabilities—shifting from scripted dialogue to
contextual reasoning and adaptive language generation—while also revealing persistent
limitations such as restricted contextual understanding and increasing computational
demands. Overall, the table highlights the steady transition from deterministic to data

driven and pretrained models that define modern conversational Al.

Table 1. Evolution and Characteristics of Chatbot Architectures.

Generation Period Core Presentative Main Key References
Technology Systems Capabilities Limitations
Pattern ELIZA [8], dizlrcfdtifelr;iiic No contextual
Rule-based 1960s-1990s matching, PARRY [26], gue, understanding, [8,10,26]
. . text .
decision trees ALICE [10] L. static rules
substitution
Learned Limited
Statistical /NLP- Probabilistic Early FAQ bots, responses from coherence,
2000s models, ngram, retrieval corpora, . e [15]
based . domain specific
HMM models improved . )
tuning required
relevance
Recurrent Contextual Poor long term
Deep learn- neural Farly neural learning memory,
. 2010s dialogue R .. 4 [12,15]
ing/Seq2Seq networks, adaptive training data
. models .
attention phrasing dependency
Contextaware, Hich
Transformer. Self attention, ~ GPT3/4[13], multiturn comon & tonal
2018-present largescale LaMDA [13], dialogue, P . [16,17]
based LLMs L. . . cost, potential
pretraining Xiaolce [12] multimodal bias
input

2.2. Conversational Artificial Intelligence for Remote Sensing Analysis

Remote sensing generates vast and complex datasets that are often difficult for nonspe-
cialists to interpret [32,33]. The increasing availability of high resolution satellite imagery,
LiDAR surveys and drone photogrammetry has transformed how environmental and
archaeological landscapes are analyzed, yet the diversity and scale of the data create sub-
stantial barriers for researchers who lack advanced computational expertise [23]. Recent
advances in conversational artificial intelligence and large language models (LLMs) have
introduced new possibilities for bridging this gap. Chatbots equipped with natural lan-
guage interfaces can translate user queries into data processing tasks, enabling interaction
with imagery and geospatial information through simple text input [34].

Early experiments such as LLMFind treated the language model as a decision making
core rather than a text generator [34]. The system was able to retrieve geospatial data,
generate code snippets for image processing and visualize outputs in real time through a
QGIS plugin. A similar autonomous GIS agent [35] demonstrated end to end automation
within QGIS, integrating natural language queries and workflow execution [35]. This
approach demonstrated that conversational agents could operate as workflow managers,
automating the technical steps between a user’s question and the resulting dataset.

The introduction of multimodal systems expanded these capabilities further. Visual
ChatGPT, developed by Osco et al. [23], combined text and image processing in a single
interactive framework, allowing users to upload imagery and request operations such as
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edge detection, segmentation, or classification. Similarly, ChangeChat by Deng et al. [23]
was trained on more than 87,000 instruction-response pairs to describe and quantify
changes between two remote sensing images. ChangeChat constitutes the first bitempo-
ral vision-language model designed specifically for interactive change analysis through
multimodal instruction tuning [36]. An independent evaluation by Osco et al. (2023) [23]
in Remote Sensing confirmed its ability to perform edge detection and segmentation on
domain specific datasets. Complementary work by Pierdicca et al. demonstrated how large
language models can function as natural language interfaces for translating user queries
into GIS-based spatial analysis workflows, illustrating the potential of domain-specific
task-oriented designs [37]. The model outperformed general purpose LLMs in binary
classification and change detection accuracy, illustrating the potential of domain specific
finetuning. Representative qualitative results from geospatially grounded conversational
models are illustrated in Figure 4.

[grounding] Please describe the h ( Give bounding box for the Boeing ) b:
image in detail. p 747 at the bottom left. -

( Is the whole road flooded?

< Yes, the road at the center is )
In the satellite image, completelyifiooded:
there are four baseball
fields located near some

™
buildings at the center of % ( How many buildings are flooded? ) %!

the scene. The baseball

fields are arranged in a

close proximity to each 3 >
other. B Three buildings are flooded and are )

present at the top left.

Figure 4. Qualitative results of GeoChat [22]. Results are shown on grounding, referring object detec-
tion, and disaster/damage detection. The user can provide task-specific tokens (e.g., [grounding])
to shape model responses according to the desired behavior. Red bounding boxes indicate regions
identified by the model during grounding and referring object detection tasks.

Recent developments have also focused on geospatially grounded models such as
GeoChat, which integrates large vision-language models for remote sensing question
answering and image captioning [38]. GeoChat, presented recently at CVPR 2024, enables
region specific dialogue and spatial reasoning on high resolution imagery, integrating
grounded visual tokens for location aware responses [38]. These systems demonstrate that
conversational Al can interpret complex visual data, summarize spatial patterns and even
generate analytical outputs in accessible language. Complementary research by Pierdicca
et al. [37] explored the use of large language models as natural language interfaces for
translating plain language queries into GIS-based spatial analysis workflows. In parallel,
Labba et al. [39] introduced IArch, an Al-based system designed to support interactive ex-
ploration and structured analysis of archaeological datasets through intelligent data access
mechanisms. In a related study, Rane et al. [40] showed that ChatGPT could be employed to
interpret remote sensing and GIS datasets on demand, summarizing temporal and spatial
changes directly from imagery. Task oriented chatbots embedded in geoportals offer an
HClcentric approach that exposes persistent metadata and interoperability constraints [41].

Collectively, these examples reveal a clear trajectory in the field of remote sensing.
Conversational agents have evolved from simple information brokers to multimodal assis-
tants capable of performing spatial analyses and interpreting visual data. This evolution
provides the conceptual and technical foundation for adapting similar approaches to ar-
chaeology, where comparable challenges of data scale, heterogeneity and accessibility
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persist. Beyond individual system implementations, recent surveys and reviews demon-
strate that these efforts form part of a broader and rapidly evolving research landscape in
multimodal conversational Al and vision-language models, supported by diverse datasets,
architectures, and evaluation frameworks across domains such as remote sensing and
geospatial analysis.

While the systems discussed above primarily target analytical interaction with remote
sensing and geospatial data, conversational agents have also been explored in educational
and outreach-oriented contexts within archaeology. In these cases, chatbots are designed
less as analytical tools and more as interfaces for communicating archaeological knowledge
to non-specialist audiences, including students, visitors, and the general public.

2.3. Artificial Intelligence Applications in Archaeology

Artificial intelligence has been integrated into archaeological research primarily
through machine learning, computer vision, and predictive modelling approaches rather
than through conversational systems. Over the past two decades, Al-driven geospatial
analysis has become a central component of archaeological prospection, landscape archaeol-
ogy, and heritage management, particularly in the context of remote sensing and GIS-based
workflows [2,4,42]. Neural networks, ensemble models, and probabilistic predictive frame-
works have been widely applied to site detection, artefact classification, landscape pattern
analysis, and modelling of human—environment interactions, often producing results that
directly inform field strategies, excavation planning, and regional research agendas [42,43].

These approaches have demonstrated substantial impact across diverse archaeological
contexts, enabling the analysis of large-scale spatial datasets that would be impractical to
interpret manually. Machine learning techniques have been used to identify subtle anthro-
pogenic features in satellite imagery and LiDAR data, to detect microtopographic anomalies,
and to model settlement patterns across different environmental settings [23,42,44]. In many
cases, these methods have shifted archaeological practice from opportunistic discovery
toward hypothesis-driven and probabilistic exploration of landscapes. Compared to con-
versational systems, such Al methods have achieved broader disciplinary uptake and
are now widely recognized as foundational tools within computational and geospatial
archaeology [2,4].

By contrast, conversational systems in archaeology have so far seen limited uptake
and remain largely experimental. Existing chatbot-based applications have largely focused
on educational, outreach, or information-retrieval purposes, such as supporting visitor
engagement at heritage sites or facilitating access to textual archives [19-21]. While these
systems demonstrate the feasibility of natural language interaction with archaeological
knowledge, they are best understood as experimental or proof-of-concept implementa-
tions rather than as general-purpose analytical tools. Their development has typically
been project-specific, and they have not been widely embedded within routine research
workflows or employed for systematic interpretation of remote sensing imagery [36,45].

The limited impact of chatbots in archaeology does not reflect a lack of technical
potential, but rather a misalignment between conversational interfaces and the established
analytical practices of the discipline. Archaeological reasoning commonly relies on the
integration of spatial imagery, environmental data, and contextual textual evidence, a
process that has so far been more effectively supported by machine learning pipelines and
GIS-based analytical environments than by dialogue-based systems [2,42]. As a result,
conversational agents currently occupy a peripheral position within archaeological Al
ecosystems, functioning more as access points to information than as active components of
analytical reasoning.
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Nevertheless, recent advances in multimodal conversational systems in the broader
field of remote sensing point toward a possible future trajectory for archaeology. Rather
than competing with established Al methods, chatbots may act as mediating interfaces that
link users to existing analytical infrastructures, translating archaeological questions into
computational operations and lowering technical barriers to complex workflows [34,38,40].
From this perspective, the relevance of chatbots lies less in their current disciplinary
impact and more in their potential to complement mature Al-driven geospatial methods
by supporting more accessible, human-centred engagement with archaeological data and
interpretative processes.

While these examples illustrate early and exploratory applications of conversational
systems in archaeological contexts, they should not be interpreted as representative of
widespread or mature disciplinary practice [19-21]. Rather than continuing with a case-by-
case discussion, the following section deliberately shifts to a broader analytical perspective,
situating chatbots within the wider landscape of artificial intelligence methods that have
shaped archaeological research more substantially over the past two decades [2,4].

To synthesize the diverse ways in which conversational systems have been explored
within archaeological contexts, Table 2 provides a conceptual overview of key chatbot
categories, functionalities, and design characteristics. Rather than enumerating individual
project-specific implementations, the table abstracts recurring patterns and roles of conver-
sational agents across educational, outreach, information-retrieval, and research-oriented
applications. This schematic perspective supports a comparative understanding of how
chatbots have been positioned within archaeological practice while avoiding overemphasis
on isolated or experimental case studies.

Table 2. Artificial intelligence approaches in archaeology and their analytical roles.

. Typical Archaeological  Level of Disciplinary .
AI Approach Category Primary Data Types Applications Adoption Analytical Role
Site prediction,
Machine learning and ~ Spatial, environmental,  landscape modelling, Hich Core analytical
predictive modelling remote sensing data settlement pattern & methodology
analysis
Computer vision and Satelhfce magery Feature. (?letgctlon, . Automated
. LiDAR, classification, Increasing . .
deep learning . interpretation
photogrammetry automated mapping

Rule-based and
retrieval-oriented
chatbots

Multimodal
conversational systems

Education, heritage
communication, Low
information access
Experimental analytical
mediation, exploratory
interaction

Interface and access
support

Textual archives,
metadata

Potential future

Text and imagery interface

Emerging

Summarizes the main categories of Al approaches in archaeology and their analytical roles.

3. Chatbots in Remote Sensing

The integration of conversational artificial intelligence into remote sensing workflows
represents a growing area of research. This section examines how remote sensing tech-
nologies operate across different scientific domains and explores how these methods have
been adopted in archaeological contexts. Section 3.1 provides an overview of remote
sensing fields and analytical methods, while Section 3.2 focuses specifically on their ap-
plication to archaeology and the emerging role of conversational systems in supporting
image-based interpretation.
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3.1. Remote Sensing Fields

Remote sensing has become one of the most powerful sources of spatial and envi-
ronmental information, providing continuous coverage of the Earth’s surface through
multispectral, hyperspectral, radar and LiDAR sensors [4,6,46]. Recent syntheses empha-
size that Earth observation has entered a bigdata era increasingly mediated by Al assisted
interpretation [47,48]. The integration of these technologies enables the detection of physi-
cal and chemical characteristics of materials, the monitoring of land use changes and the
analysis of vegetation indices that support ecological and agricultural research [24,40]. Over
the past two decades, the combination of satellite, airborne and drone-based platforms has
made it possible to collect high resolution imagery across large temporal and spatial scales,
transforming how landscapes are analyzed [2].

Traditional remote sensing workflows involve a sequence of steps such as image
preprocessing, segmentation, feature extraction and classification [49]. These procedures
require both computational resources and specialized expertise, particularly when dealing
with multisource data of varying resolutions [2,47,50]. The rapid increase in the availability
of open access imagery from missions such as Landsat, Sentinel and World View has further
intensified the need for automated processing pipelines [6,51]. Consequently, artificial
intelligence has become a cornerstone of modern remote sensing analysis. Deep learning
models such as convolutional neural networks (CNNSs) and transformer architectures have
been applied for classification, object detection and change detection tasks with notable
success [23,24,29]. Complementary studies explore ChatGPT-3.5 driven interpretation
pipelines that automate classification and reporting within RS and GIS workflows [40,52].

Recent research has also introduced conversational and multimodal frameworks that
integrate natural language interaction with image-based processing. Examples include
the LLMFind system [34], which allows for geospatial data retrieval via natural language
queries, and GeoChat [38], a large vision-language model capable of interpreting satellite
images and answering domain specific questions. Similarly, Visual ChatGPT [24,53] and
ChangeChat [23] combine image recognition with dialogue-based reasoning, enabling users
to perform segmentation and change analysis without manual coding. These developments
demonstrate a growing convergence between remote sensing, machine learning, and
conversational artificial intelligence [39,40].

As a result, remote sensing is no longer limited to data collection and image analysis
but is evolving towards interactive systems that can understand context, summarise results
and communicate them through natural language [17]. This progression not only enhances
accessibility for nonspecialists but also provides a conceptual foundation for extending such
approaches into other data intensive domains, including archaeology. The following sub-
section explores how remote sensing has been adopted within archaeological research and
how its integration with conversational systems can further transform data interpretation.

3.2. Remote Sensing in Archaeology

Remote sensing has transformed archaeological practice by expanding the spatial
and temporal scales at which past human activities can be observed and analyzed. The
integration of satellite imagery, airborne LiDAR, multispectral data and drone-based pho-
togrammetry allows archaeologists to detect features that are invisible at ground level and
to reconstruct past landscapes with unprecedented precision [2,6]. Applications include
site detection, mapping of settlement systems, monitoring of environmental change and the
preservation of cultural heritage [42,46]. These technologies enable the identification of sub-
tle anthropogenic signatures such as cropmarks, soil discoloration and microtopographic
variations, which often indicate buried structures or ancient land use patterns [19].
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The introduction of open access remote sensing datasets and cloud-based analyti-
cal tools has democratized archaeological investigation, allowing a wider community of
researchers to access and process geospatial information [4,24]. However, the heterogene-
ity of data formats and the technical complexity of image processing continue to restrict
broader adoption. Empirical evaluation of Visual ChatGPT in RS indicates that similar
domain gaps could affect archaeological imagery interpretation [24]. Many archaeological
projects rely on collaborations with remote sensing specialists, and the analytical results
are often mediated through specialized software environments such as QGIS, ArcGIS
or Python-based workflows [2,41], which do not explicitly report software version num-
bers. These requirements can create barriers for smaller institutions or projects that lack
computational resources.

Recent research efforts have sought to overcome these limitations through automation
and artificial intelligence. Machine learning and deep learning models have been applied
to classify archaeological features, detect structures in LiDAR point clouds and identify
patterns in satellite imagery [24,42]. The human—-AI collaboration model proposed by
Casini et al. [42] illustrates how interactive systems can combine human interpretative
expertise with computational efficiency to improve site detection accuracy [43]. Despite
these advances, most archaeological analyses still depend on expert driven interpretation
rather than conversational or interactive frameworks.

The emergence of conversational artificial intelligence introduces a new opportunity
to close this gap. Chatbots and multimodal systems capable of processing imagery and
text could enable archaeologists to query datasets using natural language, simplifying
interaction with complex digital infrastructures [39,40]. For instance, an archaeologist
could ask a chatbot to identify possible enclosures in a LIDAR hill shade or to summarize
landscape change across multiple temporal scenes. Such interaction would lower the
technical threshold for data analysis and enhance accessibility without compromising
scientific rigor. Grounded VLMs such as GeoChat demonstrate that image-based question
answering can be applied to cultural landscape scenes [22].

In summary, remote sensing has become an indispensable component of modern
archaeology, enabling largescale landscape reconstruction and long-term environmental
analysis. The challenge that remains is to integrate these powerful techniques with conver-
sational systems that can translate archaeological questions into analytical operations [34].
This convergence represents the conceptual foundation for the next stage of development,
where multimodal chatbots could act as intelligent mediators between remote sensing data
and archaeological interpretation.

4. Current Challenges and Research Gaps

Despite rapid advances in conversational artificial intelligence and remote sensing
technologies, the integration of multimodal chatbots into archaeological workflows remains
limited [2,4,24]. This section examines the key technical, methodological, and ethical
challenges that constrain their adoption and identifies critical research gaps that must be
addressed to enable meaningful and responsible use within archaeology [54].

4.1. Challenges

The integration of conversational artificial intelligence into archaeological remote
sensing faces several structural and methodological challenges. The first concerns the scale
and heterogeneity of remote sensing data per se. Archaeology increasingly depends on
multisource imagery acquired from satellites, drones and LiDAR systems, which differ
in spatial resolution, spectral range and data format [2,4,6]. These variations complicate
data harmonization and require advanced preprocessing techniques, such as radiometric
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and atmospheric corrections, which extend beyond typical interpretative workflows and
are primarily relevant when imagery is integrated into automated or Al-driven analytical
pipelines. The limited standardization of metadata and the partial interoperability of exist-
ing archives further restrict the ability of conversational systems to retrieve and interpret
information reliably at scale [39].

A second challenge involves the limited availability of curated training datasets
suitable for archaeological applications [55]. Unlike domains such as agriculture or en-
vironmental monitoring, archaeology has limited availability of standardized, annotated
image corpora specifically designed to support the training of multimodal vision-language
models [24,42]. Existing datasets are often small, site-specific, and created through manual
labelling for particular research objectives, which constrains their scalability and general-
ization for machine learning applications. Without sufficient examples of archaeological
features, conversational agents struggle to learn the subtle differences between natural
and anthropogenic patterns. It is important to note that this limitation does not reflect a
general lack of accessible remote sensing data in archaeology, but rather the additional
requirements involved in transforming such data into curated training sets suitable for
Al-driven analysis.

Another important limitation concerns computational costs and infrastructure require-
ments. High resolution imagery and LiDAR point clouds are computationally demanding,
often requiring powerful hardware and specialized software environments [24]. Running
large vision-language models such as Visual ChatGPT or ChangeChat in real time in-
volves high memory usage and processing power, which may exceed the computational
resources available in many archaeological research settings [23,40]. Cloud-based plat-
forms can mitigate these issues, yet they raise concerns about sustainability, cost and
long-term accessibility.

Finally, there are challenges related to usability, transparency and adoption. Archaeo-
logical workflows are shaped by disciplinary traditions and interpretative practices that
may not easily adapt to automated systems [1]. Users must understand the limitations of
conversational models and retain interpretative control over analytical outcomes through
transparent workflows. The success of Al-assisted archaeology therefore depends not
only on technological maturity, but also on the alignment of conversational systems with
established archaeological workflows through intuitive interfaces, transparent algorithms,
and interdisciplinary collaboration [50,56].

4.2. Gaps and Research Opportunities

This review of the existing literature reveals a clear asymmetry between advances
in remote sensing and their practical adoption within archaeology. While multimodal
chatbots have achieved remarkable progress in other scientific domains, archaeological
applications remain primarily text oriented [44,57]. This gap results from both technical and
disciplinary constraints. The absence of large, well annotated datasets limits the ability of
models to recognize the subtle morphological and spectral characteristics of archaeological
features [2,42]. Collaborative initiatives that promote open data sharing and standardized
annotation could help overcome this limitation and provide the foundation for training
domain sensitive conversational agents [4,6]. A recent technical note on archaeological
object detection using airborne LiDAR identifies priorities for developing scalable and
transferable workflows for automated feature recognition and site mapping [23,44]. These
approaches emphasize the need for reproducible pipelines that can adapt to different
landscapes and data resolutions, facilitating broader application across archaeological
case studies.
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Another major research opportunity lies in the integration of image-based and textual
data. Archaeological reasoning typically relies on the combination of spatial imagery,
excavation reports and historical records, yet most existing systems treat these sources
separately [21]. Future research should aim to develop hybrid frameworks that allow
conversational agents to interpret visual evidence while simultaneously linking it to con-
textual information. Such integration would enable archaeologists to query both images
and texts through natural language, resulting in richer and more interpretatively coherent
analyses [24,39].

There is also a need for lightweight and resource efficient prototypes that can operate
under the computational constraints typical of archaeological institutions. Models such
as Visual ChatGPT, which integrates ChatGPT with task-specific vision models without
specifying a fixed language model version [24], and ChangeChat, which is built on the
Vicuna-v1.5 large language model backbone [23], demonstrate the technical feasibility of
multimodal analysis, although their high computational costs limit scalability. Optimizing
these systems for smaller datasets and local execution environments would increase acces-
sibility and sustainability, especially for projects in regions with limited infrastructure [4].

Finally, consideration must be given to usability and disciplinary adoption. Archaeol-
ogists should remain active participants in the design and evaluation of conversational sys-
tems to ensure that Al tools complement, rather than replace, expert interpretation [19,20].
Participatory design, transparency and explainability should therefore guide future devel-
opment. Evaluations should not be confined to technical accuracy but should also assess
whether the system genuinely supports archaeological reasoning and decision making.

Opverall, the synthesis of these research gaps points to a clear direction for future work:
the creation of domain specific, multimodal conversational agents capable of analyzing
imagery, integrating textual context and operating within the interpretative frameworks
of archaeology. Such systems have the potential to transform how archaeological data
are explored, interpreted and shared, fostering a new generation of digital collaboration
between humans and intelligent machines.

4.3. Ethical Considerations and Data Governance

The increasing integration of artificial intelligence into archaeological research raises
ethical concerns that extend beyond technical feasibility and methodological integration. At
a general level, debates on Al ethics emphasize issues of data provenance, intellectual prop-
erty, transparency, and accountability, particularly in relation to systems trained on large
and heterogeneous corpora of visual and textual data [58,59]. Multimodal conversational
systems intensify these concerns [60] by enabling natural language access to analytical
outputs, potentially obscuring the origins, assumptions, and biases embedded within
training datasets and algorithmic decision-making processes [61].

Within archaeology, these ethical challenges acquire heightened significance due to the
sensitive nature of archaeological and spatial information [62]. Machine learning and vision—
language models capable of detecting, classifying, or mapping archaeological features from
remote sensing imagery rely on training datasets that may contain precise locational
data. While such information is essential for model performance, its integration into
conversational interfaces risks lowering barriers to access in ways that may inadvertently
facilitate site looting, illicit excavation, or unsustainable tourism [63,64]. The ability of users
to query Al systems for site identification or spatial patterning from imagery underscores
the need for careful control over data exposure and output resolution.

These risks are particularly acute in relation to Indigenous heritage and culturally sen-
sitive landscapes. Not all archaeological sites are intended for public disclosure, and unre-
stricted dissemination of spatial knowledge may conflict with Indigenous data sovereignty,
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community values, and ethical research practices, particularly in relation to sacred places
and culturally restricted landscapes [65-67]. From this perspective, the deployment of
conversational Al systems raises fundamental questions regarding authority over archae-
ological knowledge, responsibilities toward descendant communities, and the long-term
implications of automated discovery and disclosure.

Addressing these concerns requires an ethics-by-design approach in which considera-
tions of data sensitivity, cultural authority, and potential misuse are embedded into system
architectures and governance frameworks from the outset. Practical measures may include
spatial obfuscation of sensitive locations, tiered access models based on user roles, and the
co-design of Al systems in collaboration with local and Indigenous communities [68,69].
Without such safeguards, the same Al technologies that promise analytical innovation
risk undermining established principles of archaeological stewardship and responsible
management of cultural heritage.

In addition to these concerns, the phenomenon of so-called “hallucinations” in gen-
erative and multimodal Al systems constitutes a critical epistemic risk for archaeological
interpretation. Large language and vision-language models may generate plausible but
incorrect descriptions, associations, or spatial inferences that are not grounded in the un-
derlying data, potentially leading to misinterpretation of archaeological evidence [69,70].
In archaeology, where interpretation is inherently probabilistic and context-dependent,
such errors risk reinforcing unfounded hypotheses or obscuring uncertainty rather than
clarifying it. This reinforces the necessity of maintaining human oversight and expert
validation in any Al-assisted analytical workflow, ensuring that conversational systems
remain interpretative aids rather than authoritative sources [58]. Addressing hallucina-
tions through transparency, uncertainty communication, and human-in-the-loop design is
therefore essential for the responsible adoption of generative Al in archaeological research.

5. Discussion

This synthesis of current research indicates that the convergence of conversational arti-
ficial intelligence and remote sensing has the potential to reshape the analytical landscape
of archaeology. Remote sensing has already become an essential source of archaeological
evidence, allowing researchers to reconstruct past environments, detect buried features
and monitor cultural landscapes at multiple scales [2,4,6]. An editorial overview in Re-
mote Sensing (2024) frames this convergence as a defining trend for Al-mediated Earth
observation [59]. The recent introduction of large vision-language models and multimodal
chatbots represents a logical extension of this digital transformation, offering new forms of
interaction with complex geospatial data [23,24]. However, the practical implementation of
such systems within archaeology remains in its infancy.

Several factors contribute to this situation. Technical complexity and the lack of stan-
dardized infrastructures hinder the smooth integration of Al systems into archaeological
workflows [39]. Data related challenges, such as the limited availability of annotated
training sets and the heterogeneity of remote sensing imagery, restrict the performance
of multimodal chatbots [19,42,60]. Equally significant are cultural and methodological
issues. Archaeological interpretation depends on human expertise, contextual reasoning
and theoretical frameworks that are difficult to replicate algorithmically [19]. Therefore, the
introduction of conversational systems should be understood as a form of augmentation
rather than automation.

Future research should focus on the codesign of tools that align computational effi-
ciency with disciplinary practice. Lightweight models capable of local deployment could
address the resource limitations of smaller institutions, while hybrid frameworks linking
imagery and textual archives would better reflect the nature of archaeological reason-
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ing [40]. The ultimate challenge is to create systems that are not only technically proficient
but also epistemologically compatible with archaeology’s interpretative character. Achiev-
ing this balance will define the success of conversational Al as an assistive partner in the
evolving ecosystem of digital archaeology. The maturity of multimodal conversational
systems in other scientific domains [55-59] provides a comparative horizon for archaeology.
Rather than framing adoption solely as a technological challenge, this comparison invites
reflection on what new forms of archaeological questioning such systems might enable.
In particular, Al-mediated interaction could support exploratory engagement with uncer-
tainty, facilitate the dynamic integration of visual and textual evidence, and help articulate
alternative hypotheses about past human activity, extending archaeological inquiry beyond
efficiency-driven applications.

6. Conclusions

This review examined the intersection of conversational artificial intelligence and
remote sensing in archaeology, highlighting the opportunities and challenges that arise from
their integration. The analysis showed that while multimodal chatbots have demonstrated
strong potential in fields such as environmental monitoring and geospatial analysis [23,24],
their adoption in archaeology remains limited to text-based applications [19,20,40]. The
primary barriers include data heterogeneity, the absence of curated training datasets, high
computational requirements and uncertainties surrounding usability and disciplinary
acceptance [2,4,39,42]. Addressing these challenges will require collaborative initiatives for
dataset creation, the development of lightweight multimodal frameworks and participatory
design processes involving archaeologists. The combination of conversational interfaces
with remote sensing workflows has the potential to democratize access to complex imagery,
enhance interpretative capacity and foster new forms of human—AlI collaboration. By
aligning technological innovation with archaeological practice, conversational Al can
evolve from a communication tool into a genuine analytical partner that supports the
future of digital archaeology.

Future research should extend beyond proof-of-concept studies to the development
of operational multimodal chatbots capable of analyzing both spatial and textual archaeo-
logical datasets in real time [53,56]. Integrating conversational Al with image recognition
models, GIS workflows and cloud-based repositories could enable the automatic retrieval
and interpretation of excavation records, satellite imagery and sensor data. A further prior-
ity is the creation of domain specific datasets and evaluation benchmarks that reflect the
diversity of archaeological contexts. Collaborative platforms involving archaeologists, com-
puter scientists and heritage institutions are essential to ensure transparency, interpretability
and ethical compliance. Ultimately, advancing these directions will transform conversa-
tional systems from assistive interfaces into autonomous analytical partners that enhance
archaeological reasoning and support evidence-based cultural heritage management.
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Abstract

Detecting surface potsherds using low-altitude remote sensing is challenging due to severe
class imbalance and limited training data. This study develops and validates a semi-
automatic detection methodology that adapts threshold-optimized boosting classifiers
(AdaBoost, XGBoost) to maximize ceramic detection recall under extreme class imbalance
in the Western Megaris archeological landscape, Greece. Models were trained on only
15% of the available data to simulate realistic field conditions. Evaluation emphasized
recall-oriented metrics (precision, recall, F1-score, AUC) for the minority class, addressing
the accuracy paradox where high overall accuracy masks poor rare-class performance.
Threshold optimization enabled AdaBoost and XGBoost to achieve substantially improved
recall compared to baseline methods, with detection-to-ground-truth ratios of 2.5 and 3.2,
respectively, reflecting deliberate prioritization of recall over precision for exploratory
survey purposes. The results demonstrate that this methodological framework provides
archeologically interpretable screening tools for identifying high-probability ceramic loca-
tions, supporting more efficient field survey design and heritage documentation workflows
in Mediterranean landscapes.

Keywords: archeology; remote sensing; accuracy paradox; machine learning; boosting
algorithms; surface potsherds; Megara; drone

1. Introduction
1.1. Remote Sensing in Archeological Research

Surface potsherds play a crucial role in archeological research, offering significant
insights into past human activity, trade networks, and cultural practices. Their durability
and widespread occurrence make them essential indicators for reconstructing settlement
patterns and understanding the dynamics of human occupation [1]. These remains serve
as material evidence of both historic and prehistoric activities [2]. As noted by Orengo
and Garcia-Molsosa (2019) [3], analyzing the dispersion of surface artifacts can inform
researchers about potential changes in land use and the destruction or transformation of
archeological sites. Surface surveys are a foundational method in archeology, enabling the
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identification of settlement patterns and behaviors across the landscape. Additionally, they
offer a means to investigate the relationship between past human populations and their
natural environments, supporting the discovery and protection of cultural heritage in the
context of rapidly changing modern landscapes.

Despite their value, traditional ground-based surface surveys present several limita-
tions: (a) they are time-consuming, (b) require extensive training, (c) rely on grid-based
sampling methods, (d) detect only those artifacts exposed at the surface, (e) may not always
meet survey objectives due to methodological constraints, and (f) face limitations related to
environmental conditions such as terrain, vegetation, lighting, and weather [3].

In recent years, remote sensing technologies have become increasingly valuable in
archeological investigations [4,5]. Technological advancements, particularly in the spatial
and spectral resolution of satellite sensors, and the open access to datasets such as Landsat
and Sentinel have facilitated their broader use in identifying archeological features across
vast landscapes [6]. The integration of low-cost, low-altitude platforms, especially drones,
has further enhanced the capabilities of archeologists by enabling efficient documentation
and monitoring of archeological sites [7].

Unmanned Aerial Vehicles (UAVs) allow for the collection of high-resolution imagery
and spatial data from previously inaccessible areas, offering new and comprehensive
perspectives on archeological landscapes. Recent studies have highlighted the effectiveness
of combining drone imagery with machine learning classifiers to detect artifact scatters,
particularly surface potsherds, thereby improving both the precision and efficiency of
archeological surveys [2].

Alongside advances in imaging platforms, archeology has also undergone a digital
transformation in data analysis. Researchers have increasingly shifted from traditional desk-
top software to scalable, cloud-based platforms powered by advanced artificial intelligence
(AI) algorithms [3]. A pioneering study by [3] demonstrated the use of Google Earth Engine
and Random Forest classifiers to detect archeological potsherds from centimeter-resolution
drone imagery.

Machine learning (ML) classifiers” predictive power enables archeologists to process
large datasets, evaluate excavation strategies, and support preservation planning [8-32].
Studies by Agapiou et al. [9] and [3] illustrate how deep learning techniques applied to
UAV imagery can dramatically improve outcomes in field research, especially in contexts
with limited time or resources—by delivering faster results and higher analytical precision.

Despite the appeal of these technologies, traditional artifact surface surveys remain
rooted in systematic, human-led observation. Fieldwalking relies on structured, direct
visual inspection, guided by established protocols and expert experience. While digital
tools support data management and visualization, initial identification and interpretation
typically depend on trained surveyors. Programs like the Fieldwalker’s Integrated Docu-
mentation system (FIDo) and long-standing projects featured in the IMSW workshop series
(e.g., Fasti Online Survey) showcase how systematic field surveys continue to evolve while
remaining foundational to archeological practice [33].

There is substantial potential for automated detection methods to complement—not
replace—traditional survey techniques. Their effectiveness depends on being rigorously
tested and trained using real-world survey data. This article seeks to contribute to that
dialog by examining how technologies such as ML and multi-class classification can en-
hance pedestrian survey workflows, particularly by improving area selection, site potential
evaluation, and artifact recognition.
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1.2. Challenges and Limitations

Although there have been initial examples of machine learning (ML) applications in
archeology, particularly in classification and detection tasks [2], the issue of class imbalance
has not been adequately addressed [34]. As emphasized by Sun et al. [35], class imbalance
arises when one class significantly outnumbers the other(s), resulting in skewed learning
outcomes that fail to represent the minority class sufficiently. This issue is particularly
relevant in archeology when detecting rare surface potsherds (minority class) within large,
complex landscapes dominated by non-surface potsherds data (majority class).

Most standard classification algorithms are developed assuming a relatively balanced
class distribution (Figure 1A). However, when applied to datasets with imbalanced dis-
tributions (Figure 1B), their performance often fades, resulting in biased predictions that
favor the majority class [34]. In a classification dataset, the majority class is the one with the
highest number of instances, while the minority class has significantly fewer instances. This
imbalance causes many machine learning models to focus on the dominant class, leading
to poor performance in detecting or predicting the minority class.

(A) Balanced Distribution Curve (B) Imbalanced Distribution Curve
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Feature Space Feature Space
—— Class A (Potsherds) —— Class B (Background)

Figure 1. (A) shows balanced class distribution; (B) shows class imbalance, which can cause classifiers
to favor the majority class and reduce accuracy for the minority class.

The class imbalance problem is a well-documented challenge in machine learning and
data mining, with critical implications across domains such as medical diagnosis, satellite
image analysis, and risk assessment.

Traditional classification methods—including decision trees, Support Vector Ma-
chines (SVMs), neural networks, Bayesian models, k-nearest neighbors, and associative
classifiers—are known to struggle with class imbalance [35]. These models often optimize
for overall accuracy, which can mask poor performance on the minority class, leading to
misleading evaluation results and reduced model reliability. Due to its substantial im-
pact on generalizability and fairness, class imbalance has become a central focus in recent
research on robust Al and machine learning systems [35].

An imbalanced dataset is characterized by unequal class proportions, where the
majority class dominates and the minority class is underrepresented (Figure 2). According
to Sun et al. (2009) [35], the challenges of modeling minority classes—such as surface
potsherds in this study—extend beyond skewed distributions. Additional factors such as
small sample size, low class separability, and the presence of within-class sub-concepts
further complicate the learning process. Effectively addressing these challenges is essential
for achieving meaningful and interpretable results in ML-driven archeological research.
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Imbalanced Class Distribution Example
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Figure 2. An imbalanced data set example with unequal class proportions.

1.3. Evaluating Metrics, the Accuracy Paradox, and the Challenge of Small Object Detection

Evaluation metrics play a dual role in surface potsherds detection: they inform model
development and serve as indicators of classification performance. The accuracy paradox
demonstrates that high overall accuracy does not necessarily reflect the true effectiveness
of a classifier, particularly in imbalanced datasets [36,37]. While widely used metrics such
as overall accuracy and the kappa coefficient [38—40] have been critiqued for their limita-
tions in imbalanced settings [41], more informative measures, including precision, recall,
F1-score, and the Matthews Correlation Coefficient (MCC), provide a more reliable assess-
ment of classifier performance. When dealing with class imbalance—where one class is rare
but of high importance—accuracy becomes misleading, as the majority class dominates
the metric [42,43]. In our case study, surface potsherd detection is a binary classification
problem with significant imbalance, where the minority class (surface potsherds) is critical
despite its low representation in the data. As discussed by [35], post-classification results
can be categorized into true positives, false positives, true negatives, and false negatives,
summarized in the confusion matrix (see Table 1).

Table 1. Categories of samples.

Predicted as Positive Predicted as Negative

False negatives (FNs)
True negatives (TNs)

Actually Positive
Actually Negative

True positives (TPs)
False positive (FP)

A further challenge, largely overlooked in the archeological remote sensing literature,
concerns the physical scale of the target objects themselves. Archeological ceramic frag-
ments are inherently small relative to the spatial footprint of UAV imagery pixels, even at
very high resolutions. Ata GSD of 2.5 cm/pX, a typical potsherd of 5-10 cm occupies only
4-16 pixels, placing it firmly within the “small object” category as defined in computer
vision, where objects typically occupy fewer than 32 x 32 pixels. Small object detection in
UAV imagery presents well-documented difficulties: sparse pixel representation, limited
discriminative spectral and textural features, and high sensitivity to background clutter [3].
These challenges directly compound the class imbalance problem: small, underrepresented
objects are simultaneously harder to detect and easier to misclassify as background. The
practical consequence is that a classifier may achieve high overall accuracy simply by
predicting background everywhere, completely missing the target class, which is precisely
the accuracy paradox described above. Addressing both challenges of class imbalance
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and small object scale is therefore essential for developing operationally viable ceramic
detection systems from UAV imagery.

Several measures can be derived using the confusion matrix table (Table 2). Therefore,
classification performance should be evaluated by different measures depending on the
different classification objectives. Clearly, neither of these measures is adequate by itself,
and several other evaluation metrics are devised.

Table 2. Confusion matrix table.

Predicted Positive Predicted Negative

Actual Positive TP (true positive) FN (False Negative) SensTl’chlmty
(TP+FN)

Actual Negative  FP (false positive) TN (True Negative) Spe%f[laty
(TN+FP)

Precision Negative Predictive Value Accuracy
TP TN (TP+TN)

(TP+FP) (TN+FN) (TP+TN+FPFFN)

1.4. Objectives and Contributions of This Study

This study develops a semi-automatic methodological framework for detecting surface
ceramic fragments in Mediterranean archeological landscapes, addressing the operational
challenge of extreme class imbalance (<1% ceramic pixels) that characterizes UAV-based
prospection data. Rather than introducing novel algorithms, we adapt existing boosting
classifiers (AdaBoost, XGBoost) through application-specific threshold optimization to
prioritize minority-class recall—a requirement fundamental to archeological survey where
undetected artifacts represent irreversible information loss. This framework is validated
using systematic field survey data from the Western Megaris landscape, demonstrating
how computational methods can enhance field efficiency while maintaining archeological
interpretability. Our research explores how machine learning (ML) algorithms can be used
to classify and detect archeological surface potsherds using low-altitude sensor cameras.
Additionally, it is examined how an interdisciplinary approach that combines remote
sensing and artificial intelligence can tackle the “accuracy paradox” often encountered
when dealing with imbalanced remote sensing data.

Boosting algorithms are particularly suited to archeological ceramic detection be-
cause they iteratively reweight misclassified minority instances, progressively focusing
computational effort on difficult-to-detect rare objects [35]. While solutions for binary
class imbalance exist in computer science literature, their translation into archeologically
meaningful workflows remains limited. This is achieved by assigning greater weights to
important surface potsherds samples. While research has investigated solutions for binary
class imbalance, these methods have not yet been applied in the field of archeology. This
paper aims to implement boosting techniques to develop a methodology for the semi-
automatic detection of surface potsherds using low-altitude, low-cost sensors. The study
addresses the challenges of detecting minority classes in archeological remote sensing by
focusing on classifying surface potsherds within highly imbalanced datasets. Specifically,
the objectives are to:

(a) Evaluate the effectiveness of boosting-based classifiers—such as AdaBoost and
XGBoost—in detecting surface potsherds, which represent the minority class, and
compare their performance against commonly used classifiers.

(b) Assess the performance of these boosting algorithms under limited training data
conditions and investigate whether they can significantly enhance the detection of
minority class instances.
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(c) Emphasize the importance of using evaluation metrics beyond overall accuracy—such
as precision, recall, F1-score, and Area Under the Curve (AUC) to provide a more
reliable assessment of classifier performance in imbalanced classification settings.

(d) Develop an operational methodological framework that integrates threshold-optimized
boosting classifiers with UAV-based multispectral data and systematic ground-truth
validation, providing archeologists with practical screening tools for identifying
high-probability ceramic locations and optimizing field survey resource allocation in
Mediterranean landscapes.

This research contributes a methodologically transparent framework for translating
class-imbalanced ML classifiers into archeological prospection workflows. By explicitly
addressing the trade-offs between detection recall and false positive rates, and by validating
algorithmic outputs against systematic pedestrian survey data, this research demonstrates
how computational approaches can augment—rather than replace—expert archeological
interpretation in heritage landscape documentation.

2. Study Area: The Megara Landscape
2.1. Geographical and Historical Context of Megara

Megara is a historic city in Greece, located in the western part of Attica towards the
Isthmus of Corinth. It is approximately 34 km west of Athens and 37 km east of Corinth. Its
strategic position—bridging central Greece and the Peloponnese and providing access to both
the Saronic Gulf (via its port, Nisaea) and the Corinthian Gulf (via Pagae)—played a crucial
role in its historical development and significance. The Megaris region holds topographic and
geopolitical importance, lying along vital routes of maritime and overland trade.

The WeMALP project [33] seeks to reconstruct the long-term landscape transformation
of Western Megaris, a region of considerable geographical and historical interest within the
wider Megaris. Bounded to the north by the Geraneia mountains and stretching toward
the Saronic Gulf, this area functioned as a key corridor for commerce, communication, and
cultural exchange. The project’s primary objectives include investigating long-term rural
land use, exploring the interactions between city and countryside, identifying contemporary
settlements from the ancient phases of Megara, and highlighting the continued importance
of this natural bridge connecting Attica and Corinthia.

Since 2019, WeMALP has conducted intensive surface archeological surveys in key
areas to answer historical questions and delineate settlement pattern trajectories, such as
Vrestiza, Chani Derveni, Marmara, and Dami Mouchlizi. These surveys provide valuable
insights into ancient settlement patterns, agricultural practices, and responses to environ-
mental changes, significantly enriching our understanding of Greek historical landscapes
and regional dynamics [44].

In particular, systematic surface research on the area of Dami Mouchlizi, extending
to the immediate West of the walled city of ancient Megara, has offered a window into
the socio-economic strategies of rural settlements along key routes between the city of
Megara and the Geraneia ridge towards Corinth. In particular, the fortified farm site at
Dami Mouchlizi [45] has illustrated the multifaceted roles of élite estates in agricultural
production and regional governance (Figures 3 and 4). The site known as Dami tou
Mouchlizi (DM1) features structures built on a terrace and a circular tower, situated on
a low hill with excellent visibility over the gulf. The architectural remains visible on the
surface were documented through plans and elevations during previous field campaigns,
and most likely represent an example of a so-called fortified farmhouse dating to the
Classical-Hellenistic period—a type well attested, especially in nearby Attica.
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(@) (b)

Figure 3. LiDAR mapping of the site of Dami tou Mouchlizi (DM1) after processing: (a) DEM
(0.05 m/px) generated using DJI Terra software (v4.4.6); (b) VAT (Visualization for Archeological
Topography) based on the DSM (0.05 m/px) derived from the unfiltered point cloud (elab. F. Fasson;
© SAIA Archives, V/230). Note: LiDAR data were acquired within the framework of the WeMALP
project and are presented here solely to provide archeological context for the study area. These data
are independent of the UAV-RGB dataset collected for the present study.

Offsite (per ha)
[Jo-0
[11-827
[ 827-2000

| I 23000 - 28000
[ 28000 - 90000

Figure 4. Area of Dami Mouchlizi DM1 and DM3 (graphic design by M. Bottoni, E. Farinetti and M. Rossi;
© SAIA Archives, V/228[M1])el. grafica M. Bottoni, E. Farinetti e M. Rossi; ©Archivi SAIA, V/228).
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In the surrounding area, the DMS3 site emerged as one of the most significant Late
Roman rural settlements in the region, with evidence also indicating occupation during
the Classical-Hellenistic period. It appears to have succeeded DM1 in the agricultural
exploitation and management of the territory.

The site (Figure 5a,b), whose surface potsherd material was collected (Figure 6) during
an intensive and systematic survey, is still under study, suggesting the presence of an
extensive production center belonging to an elite landowner.

Potsherds Density
(ha)
T ] anE3.34 - Be60.51
|| 8660.5Z - 1383077
| 13830078 - 1827272
o B 1827274 - 2548189
B 25481.90 - 49090.12 j

L

(b)
Figure 5. (a) Panoramic photo of the DM3 site, which occupies the olive groves and pistachio
orchard in the foreground (photo by F. Fasson; ©SAIA Archives, U/13911); (b) density map of surface
potsherds material in the selected area (elab. by M. Bottoni, M. Rossi; ©SAIA Archives, V/229).
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Figure 6. Example of a potsherd assemblage from a survey unit at the DM3 site (photo by S. Forgione;
©SAIA Archives, U/13912).

2.2. Environmental and Imaging Conditions Relevant to Drone-Based Detection

Between September and October 2024, fieldwork conducted with UAVs focused on
high-precision mapping to support civil engineering and geomatics research for cultural
heritage conservation. The survey was conducted in a cultivated field planted with olive
and pistachio trees, characterized by regularly tilled and well-maintained terrain. The
surface was scattered with lithic material of a reddish hue, often indistinguishable in color
from the surrounding soil. This chromatic homogeneity posed a significant challenge for
identifying surface potsherds fragments—especially those partially embedded or coated in
soil—as they did not naturally stand out in the RGB spectrum.

To address this, flight planning prioritized maximizing chromatic and textural contrast
through careful timing and altitude selection. Data acquisition took place under stable
weather conditions during morning hours to minimize shadows and avoid strong solar
reflections common around midday. Shadows cast by trees or uneven terrain can obscure
surface details and hinder feature detection; likewise, overexposed images may cause the
loss of subtle textural cues critical for distinguishing surface potsherds from stone.

To achieve sufficiently high spatial resolution for detecting small surface potsherds,
multiple photogrammetric datasets were acquired at different altitudes to evaluate the
optimal balance between altitude, area coverage, and dataset size. Additionally, flight
planning considered soil moisture levels: flights were avoided immediately after rainfall
or irrigation to prevent reflectance changes and to reduce the risk of surface potsherds
fragments being obscured by mud or debris.

The data collected during this campaign are utilized in this study, which aims to
develop an automated methodology for detecting surface archeological potsherds while
using the fewest possible samples for classification. The results will be compared with
findings from the University of Rome team to facilitate international peer review and
cross-validation.
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Drone Data

Collection

Orthomosaics

3. Materials and Methods

This research integrates several recent technological advancements that have trans-
formed archeological workflows. The increasing accessibility and performance of low-cost,
low-altitude UAVs have enabled more autonomous and efficient aerial surveys. At the
same time, digital photogrammetry has become more user-friendly through the devel-
opment of semi-automated workflows, which are now widely adopted in archeological
documentation. A further breakthrough lies in the application of machine learning (ML), a
subset of artificial intelligence, which enables software to make accurate predictions and
perform object detection without explicit programming. ML has emerged as a powerful
tool for data mining and pattern recognition in archeological contexts. Finally, the use
of multiple evaluation metrics—such as precision, recall, F1-score, and AUC—beyond
simple overall accuracy allows for more reliable assessment and modeling of classification
algorithms, particularly when addressing imbalanced datasets.

The proposed approach has been tested in simulated environments in Alam-
pra village and at an archeological site in Kophinou village, both located in Cyprus
(Argyrou et al., 2023 [46]; Argyrou et al., 2025 [47]). The research aims to tackle the chal-
lenges posed by the time-consuming nature of data processing and the accuracy issues in
detecting surface potsherds, especially concerning the minority class of these artifacts and
the phenomenon known as the “accuracy paradox.”

This study integrated drone-based remote sensing, machine learning (ML) classifi-
cation, and GIS spatial analysis to identify surface potsherds artifacts in an archeological
context. The methodology is a semi-automated framework of image classification (Figure 7)
using a low-altitude and low-cost drone, enabling precise documentation of the surveyed
areas. High-resolution drone imagery was processed into a georeferenced orthomosaic
using Terra software (v4.4.6), from which spectral bands (RGB values) and spatial coordi-
nates (x, y) were extracted. In ArcGIS Pro 3.5.0, labeled training samples were created for
surface potsherds (Class 1) and non-surface potsherds (Class 0) regions, with each sam-
ple including mean RGB values and geographic locations. Additionally, rigorous model
training, including hyperparameter tuning with machine learning and boosting algorithms,
was conducted to detect and classify surface potsherds fragments through photomosaic
analysis. Five supervised classifiers (Random Forest (RF), Support Vector Machine (SVM),
and Maximum Likelihood algorithm (MLC), Adaptive Boosting (AdaBoost), and Extreme
Gradient Boosting (XGBoost)) were evaluated using precision, recall, and F1-scores after
splitting the dataset into training and testing subsets.

Machine
Learning
Classifiers e—
ini valuation g .
Training Sample RF, MLC, SVM Model ; inal Validation
Training Sample Split » : » Metrics I (Indepentent 20%)
Training: 15% of 80% = 12% total Comparison Precision, Recall,
Testing: 85% of 80% = 68% total S F1-score, MCC
Validation: 20% (independent) Boosti ng

—* Algorithms —
(AdaBoost, XGBoost)

Figure 7. Workflow implemented in this study.

Threshold
Tunhing

Post-processing was carried out in ArcGIS Pro 3.5.0using a reproducible workflow. The

target class (potsherds) was extracted with the Reclassify tool, followed by the application
of the Majority Filter to reduce classification noise. The resulting raster was converted
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into polygons representing contiguous ceramic areas, and subsequently into point features
using polygon centroids.

3.1. UAV Image Acquisition

During the survey, a low-altitude drone acquired a high-resolution photographic
dataset for terrain analysis using a DJI Matrice 350 RTK (SZ DJI Technology Co., Ltd.,
Shenzhen, China) equipped with a Zenmuse L2 sensor (SZ DJI Technology Co., Ltd., Shen-
zhen, China) (20 MP, 4/3-inch CMOS, max resolution 5280 x 3956 pixels). Images were
captured at various altitudes: 12.5, 15, and 20 m, to assess altitude effects on ground
resolution and image quality. Flights occurred between 10:00 a.m. and 11:00 a.m. un-
der favorable lighting, minimizing shadows and reflections to reduce post-processing
and maintain chromatic consistency and contrast. Ground resolution varied with alti-
tude but generally remained within a few centimeters per pixel (2.5 cm/px-3cm/px),
suitable for detailed analysis. Among the three acquisition altitudes, the 12.5 m dataset
(GSD = 2.5 cm/px) was selected for model training and evaluation, as it provided the
highest spatial resolution for ceramic fragment detection.

3.2. Photogrammetric Processing and Computational Processing

The next step included computational processing (ML techniques) to identify and
isolate surface potsherds fragments using the orthomosaic of 293 captured images. The
photogrammetric processing of the photos involved the orthorectification of all photographs
and combining them into a single orthomosaic using Terra software Version Number: 4.4.6.
Orthorectifying the image involves ensuring that the images are geometrically accurate and
corrected from lens distortion, camera tilt, perspective, and topographic relief. Therefore,
the images were orthorectified and merged into an orthomosaic map using the photos’
metadata, which contained information like drone model, camera sensor, lens types, and
GNSS coordinates. After the mosaic was created (Figure 8), image processing techniques
were used to identify surface potsherds in the area of interest, which is a grid of 4 x 100 sq.
m where the field survey was conducted.

The full dataset consisted of 250 labeled samples. A 20% subset (50 samples) was
reserved for final validation. The remaining 200 samples were used as follows:

e 15% (30 samples) for model training;
e 85% (170 samples) for testing.

All classifiers were trained on the same 30-sample training set and evaluated on the
170-sample test set.

All analyses were carried out using R version 4.4.0 (R Core Team, 2025) and ArcGIS
Pro 3.5.0. Specifically, all machine learning classifiers (Random Forest, SVM, XGBoost,
AdaBoost, and MLC) were implemented and trained in R software; ArcGIS Pro 3.5.0
was used exclusively for data preparation prior to training and for post-processing and
visualization of classification results. Computational processing was performed on a laptop
equipped with an 11th Generation Intel® Core™ i7-1165G7 processor operating at 2.80 GHz
and 32.0 GB of RAM, running a 64-bit Windows operating system. ArcGIS Image Analyst
tools of the ArcGIS Pro 3.5.0 software were used for computational processing. Within the
ArcGIS Pro 3.5.0 environment, a training sample was given using the Training Samples
Manager in the Classification Tools, by selecting areas of interest (points) for two classes:
‘surface potsherds’ (class 1) and “No surface potsherds’ (class 0). The training sample file
included a class name indicating the name of the class category and a class value containing
the integer value for each class category (class 1 = 1, class 0 = 0). The creation of the training
data consisted of assigning to each class the values of the pixels delimited by the points in
each composite band.

https://doi.org/10.3390/heritage9030099


https://doi.org/10.3390/heritage9030099

Heritage 2026, 9, 99

12 of 35

0 5 10 15 20 25

Meters ' f‘:\ I
30 5

Figure 8. Orthomosaic of the Dami 3 area in Megara. The grid with a black outline indicates the area

of interest used in this study.

To address the inherent class imbalance in the dataset, where surface potsherds remain
represent the minority class, a two-stage stratified sampling approach was employed to
preserve class distribution across all data subsets. In the first stage, 20% of the total dataset
was randomly selected using stratified sampling and withheld as a hold-out validation
set, entirely unseen during model training and hyperparameter tuning. This set is an
independent benchmark for evaluating generalization performance after model develop-
ment. In the second stage, the remaining 80% of the data was again stratified and split
into a 15% training subset and an 85% internal test subset with a skewed distribution of
the two classes (80% majority class and 20% minority class). This setup simulates real-
world constraints faced in archeological surveys, where training data collection—such
as verified surface potsherds fragments—is limited. This stratified approach ensures a
proportional representation of both classes in all evaluation phases. Furthermore, enables a
robust performance comparison across classifiers, particularly for detecting the minority
surface potsherd class. The deliberately small training subset (15%, n = 30) was retained to
evaluate classifier behavior under extreme class imbalance conditions, reflecting realistic
archaeological survey constraints rather than optimized data availability.

3.3. Machine Learning Classifiers and Training Parameters

Five supervised machine learning classifiers were implemented to perform the binary
classification using the three spectral input bands (red, green, blue) extracted from the
orthophoto. RF, SVM, and MLC were applied initially, followed by two boosting algorithms,
AdaBoost and XGBoost.

The Random Forest (RF) classifier (Breiman, 2001) [48] was trained using 500 decision
trees (ntree = 500). The number of features randomly selected at each split (mtry) was set
to the default value equal to the square root of the total number of predictors (1/3 ~ 1). The
Gini impurity index was used as the split criterion, and bootstrap sampling was applied
for each tree. RF was implemented using this standard configuration to serve as a robust
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bagging-based baseline. More advanced Random Forest variants (e.g., class-weighted
or balanced RF) were not explored in order to avoid confounding tuning effects and
to maintain a clear methodological contrast between bagging-based and boosting-based
approaches under extreme class imbalance conditions. Maximum Likelihood Classification
(MLC) was implemented via the Naive Bayes algorithm (John & Langley, 1995) [49], which
assumes conditional independence among predictors. MLC is included as a classical remote-
sensing reference method, providing continuity with earlier archeological studies rather
than competitive performance with modern machine learning classifiers. For each class, the
probability distribution of the input features was modeled as Gaussian. No hyperparameter
tuning was required, and all other parameters were kept at their default settings. SVM with
a radial basis function (RBF) kernel (Cortes & Vapnik, 1995) [50] was used. Prior to training,
the input features were standardized via centering and scaling. Hyperparameters (C and
sigma) were tuned automatically using a 10-fold cross-validation procedure. Automatic
hyperparameter optimization via cross-validation was used to obtain a representative
and competitive SVM configuration. This k-fold cross-validation was applied exclusively
during hyperparameter tuning; final model performance was evaluated using independent
stratified training, test, and validation splits to assess generalization under extreme class
imbalance and to avoid information leakage. Additional SVM variants or manually defined
hyperparameter scenarios were not explored, as the aim was to contrast margin-based
learning with bagging- and boosting-based approaches under extreme class imbalance,
rather than to exhaustively tune individual classifiers.

Threshold optimization was applied specifically to boosting algorithms based on
their theoretical foundation for addressing class imbalance. Unlike conventional classi-
fiers that treat all instances equally, boosting methods are designed to iteratively reweight
misclassified minority instances during training, progressively focusing computational
effort on difficult-to-classify rare objects. This inherent design makes boosting algorithms
particularly suitable for threshold-based optimization in archeological prospection, where
maximizing minority-class detection (recall) is prioritized over overall accuracy. AdaBoost
and XGBoost were therefore selected as the primary focus for threshold tuning to evaluate
whether their theoretical advantages for imbalanced learning translate to practical archeo-
logical surface potsherd detection. RE, SVM, and MLC were retained at default thresholds to
serve as baseline comparisons representing standard archeological remote sensing practice,
enabling assessment of boosting algorithms’ incremental value for minority-class detection
in heritage applications.

In this study, boosting classifiers were utilized to enhance the detection of class 1 in an
imbalanced dataset derived from UAV data. Key hyperparameters, such as the number
of iterations, learning rate, and maximum depth, were optimized through grid search.
Probability thresholds were systematically evaluated in increments of 0.01, ranging from
0.05 to 0.95, to maximize the Fl-score for class 1 during cross-validation. Additionally, the
threshold that maximized the Matthews Correlation Coefficient (MCC) was also recorded.
The optimal threshold, based on the F1-score, was then applied during the validation and
test stages to improve the detection performance of the minority class.

3.4. Overview of Boosting Classifiers: AdaBoost, XGBoost

As Sun et al. (2009) [35] referenced, several boosting algorithms have been reported
as meta-techniques applicable to a wide range of classifier learning algorithms. These
approaches typically assign higher misclassification costs to samples from rare classes and
aim to minimize high-cost errors. Consequently, the principal concept involves utilizing
a boosting strategy that emphasizes surface potsherds samples of higher identification
importance. These algorithms are considered data-level solutions since they update the
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data space by adjusting sample weights. While research exploring binary class imbalance
solutions is well-documented in the literature, such techniques have yet to be applied within
the archeological domain. This paper aims to implement these boosting methodologies,
adapting them for semi-automatic detection of surface potsherds.

Boosting represents a robust ensemble machine learning technique integrating multi-
ple weak learners—models that slightly outperform random guessing—into a single, highly
accurate predictive model. In 1995, researchers Schapire [51] and Freund [52] introduced
the AdaBoost algorithm to enhance the classification performance of existing learning
algorithms. AdaBoost is recognized as the first Adaptive Boosting method, dynamically
adjusting its parameters based on the data’s performance, including iterative re-weighting
of data and calculation of aggregation weights. The boosting process involves iteratively
training a weak learner on “n” weighted iterations of the training dataset. In this way,
previously misclassified instances are given increased importance [53]. The model concen-
trates more effectively on challenging examples through successive iterations, resulting
in improved performance. Final predictions are typically achieved by aggregating the
outputs of all weak learners via weighted majority voting. Boosting algorithms can employ
a variety of base classifiers. Well-known examples include (AdaBoost), which is effective for
binary problems and focuses on difficult-to-classify samples; (XGBoost), which enhances
minority class impact and performs efficiently on large, imbalanced datasets; Gradient
Boosting, which allows tuning to prioritize rare classes; Light Gradient-Boosting Machine
(LightGBM), offering advanced capabilities for imbalanced data; and Categorical Boosting
(CatBoost), which delivers strong results with minimal configuration even in the presence
of class imbalance [51,52].

In this study, AdaBoost and XGBoost were used to detect the minority class 1. These
boosting methods can improve the recall and Fl-score for underrepresented classes by
focusing on difficult cases. AdaBoost was selected for its simplicity and easy-to-understand
results, while XGBoost was used for its better performance and efficiency with imbalanced
data [54]. Both models were fine-tuned by adjusting their settings and optimizing thresh-
olds to better detect class 1 surface potsherds, making them effective tools for reliable
classification in heritage mapping. A summary of all classifiers and their key parameters is
included in the table below (Table 3).

Table 3. Summary of classifier training parameters.

Classifier Key Parameters Defaults/Notes
mtry =1 (1/3),
Random Forest (RF) N tree = 500 bootstrap sampling,
Gini split
Maximum Likelihood None set explicitl Gaussian assumption
(Naive Bayes proxy) praty forr, g, b

Kernel parameters

Support Vector Machine 10-fold CV, metric = ROC, tuned automatically,

(SVM, Radial) Pre-Proc = center & scale RBE kernel
Base = decision stump,
AdaBoost N Iter = 100 exponential loss,

probability threshold tuned

Learning rate = 0.3,
max depth =6,
Gamma = 0, probability
threshold tuned

Objective = binary: logistic,
XGBoost eval metric = log loss,
n rounds = 100
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3.5. Evaluation Metrics: Recall, Precision, F1-Score, Specificity, AUC, and Per-Class
Confusion Matrices

As Prati et al. [55] noted, achieving an accuracy of 99.9% is straightforward in domains
where the majority class comprises 99.9% of observations, simply by consistently predicting
the majority class. This phenomenon, called the “accuracy paradox,” shows that these clas-
sifiers do not work well, especially when there is an imbalanced class distribution. In these
situations, accurately identifying minority classes, like archeological surface potsherds, is
the main goal.

To ensure robust model evaluation, each classifier’s performance was assessed using
an extensive suite of metrics: accuracy, precision, recall (sensitivity), specificity, F1-score,
Matthews Correlation Coefficient (MCC), and Area Under the Curve (AUC). Comparative
Receiver Operating Characteristic (ROC) curves and precision—recall (PR) curves were
generated and exported to Excel for further analysis.

Accuracy measures the proportion of correctly classified instances (true positives and
negatives) out of the total predictions [41]. Although accuracy is simple and commonly
used, it can be misleading in imbalanced datasets. For example, in a dataset with 95%
negative instances, a model that predicts all instances as negative would achieve an accuracy
of 95%, even though it completely fails to identify any positive instances. Thus, accuracy
should be complemented with other metrics in classification tasks [56,57].

It is calculated as follows:

(TP + TN)
(TP + TN + EP + EN)

Accuracy = (1)
Precision, recall (sensitivity), and specificity metrics evaluate different aspects of
classifier performance.
Precision (Positive Predictive Value) measures the proportion of true positives among
predicted positives. High precision indicates fewer false alarms.
TP
Precision = —————— 2
(TP+FP) @)
Recall (sensitivity/true positive rate) measures the proportion of actual positives
correctly identified. High recall indicates fewer missed positives.

TP

(TP + FN) ®)

Recall (Sensitivity) =
Specificity (True Negative Rate) measures the percentage of actual negative cases that
have been correctly identified.

TN

(4)
Fl-score computes the harmonic mean between precision and recall, balancing
both metrics:
oth metrics >TP

FlScore = oo b T FP T EN ®)

Matthews Correlation Coefficient (MCC) quantifies classifier performance across
all four confusion matrix categories (TP, TN, FP, FN) with a value between —1 (total
disagreement) and +1 (perfect prediction). Unlike the F1-score, Matthew’s Correlation
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Coefficient (MCC) takes into account the imbalance between classes and works well even
when one class is much larger than the other.
TP x TN — FP x FN

MCC = (6)
/(TP + FP)(TP + FN)(TN + FP)(TN + FN))

Area Under the ROC Curve (AUC) evaluates the classifier’s ability to distinguish
between classes across all possible thresholds. AUC is typically calculated from the ROC
curve using numerical integration. The ROC curve plots the true positive rate (recall)
against the false positive rate (1 — specificity), and AUC ranges from 0.5 (random guess-
ing) to 1.0 (perfect discrimination). AUC is threshold-independent, making it ideal for
comparing models (Hanley & McNeil, 1982) [58].

There is no closed-form formula for TP, TN, FP, or FN, but it represents the following:

AUC = /0 ' TPR(EPR)d(FPR) @)

4. Results
4.1. Test Set Performance

The initial evaluation of the classifiers on the test dataset, using default parameters,
reveals significant differences in performance among the models. The SVM achieved
the highest overall accuracy of 0.8412 and an AUC of 0.8173, indicating strong general
discrimination capability. Meanwhile, RF and XGBoost also performed reasonably well,
with accuracies of 0.8235 and 0.8294, respectively.

However, when focusing on detecting the target class (class 1, which represents
potsherds), we observe a trade-off between precision and recall. MLC exhibited the highest
precision for class 1 at 0.7059, indicating fewer false positives; however, its recall was
relatively low at 0.4068, suggesting that many class 1 instances were missed. In contrast,
XGBoost demonstrated the highest recall for class 1 at 0.8571, successfully detecting most
positive instances, but this came at the cost of very low precision (0.1765), indicating many
false positives.

RF and SVM delivered a more balanced performance for class 1, with moderate
precision (0.2941) and higher recall values (0.625 for RF and 0.7692 for SVM). AdaBoost
showed relatively lower overall performance, with an accuracy of 0.7882 and modest
metrics for class 1, suggesting that the default parameters may not effectively capture class
1 instances. A summary of the key performance metrics for each model on the test data is
illustrated in Table 4 below.

Table 4. Classification metrics for each model on the test data. (Bold values indicate the best-
performing model for each evaluation metric).

Model Accuracy Kappa AUC MCC Precision Class1  Recall Class1  Specificity Class 1
RF 0.82 0.31 0.75 0.34 0.29 0.63 0.84
MLC 0.74 0.35 0.77 0.38 0.71 0.41 0.91
SVM 0.84 0.35 0.82 0.41 0.29 0.77 0.85
ADA 0.79 0.17 0.73 0.19 0.21 0.44 0.82
XGB 0.84 0.24 0.71 0.34 0.18 0.86 0.83

4.2. Validation Set Performance

Using default settings, the validation dataset results (Table 5) show some clear trends
and a few performance drops for certain classifiers compared to the test set. The SVM
achieved the highest accuracy of 0.84 and an AUC of 0.8275. It also had a strong recall
of 0.75 and an average precision of 0.30. This means SVM is the most reliable model for
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detecting class 1. The RF model had a moderate accuracy of 0.80 and a decent specificity of
0.8261. However, its precision for class 1 was low at 0.20, making it hard to label ceramics
correctly. The MLC model focused on precision, scoring 0.60, but its recall was only 0.33.
This resulted in fewer positive detections but also fewer false positives.

Table 5. Classification metrics for each model on the validation dataset. (Bold values indicate the
best-performing model for each evaluation metric).

Model Accuracy Kappa AUC MCC Precision Class1  Recall Class1  Specificity Class 1
RF 0.8 0.19 0.71 0.22 0.2 0.50 0.83
MLC 0.68 0.23 0.73 0.25 0.6 0.33 0.88
SVM 0.84 0.35 0.83 0.41 0.3 0.75 0.85
ADA 0.7 0.03 0.61 0.03 0.2 0.22 0.80
XGB 0.78 0.07 0.65 0.08 0.1 0.33 0.81

Neither boosting method performed well. AdaBoost had the lowest metrics overall,
with only 0.70 accuracy, poor recall of 0.22, and almost negligible MCC and kappa values,
showing it is not very robust. XGBoost also had trouble with a low precision of 0.10 and a
modest recall of 0.33, showing it struggles to identify ceramics using the default settings.

4.3. Comparative Analysis: Test vs. Validation Performance

A comparison of the test (Table 4) and validation (Table 5) results (Figure 9) reveals
critical differences in model generalization. Overall accuracy remained stable (SVM: 0.84
in both sets; RF: 0.82 to 0.80), but minority-class metrics showed substantial variation.
Boosting algorithms experienced dramatic degradation: XGBoost’s recall dropped from
0.86 to 0.33 (—62%), while AdaBoost declined from 0.44 to 0.22 (—50%). These drops
reflect overfitting to training-site characteristics and recall to distribution shifts between
archeological contexts.

In contrast, SVM demonstrated exceptional stability (recall: 0.77 to 0.75; MCC: 0.41 to
0.41), though at lower absolute detection rates. The MCC metric particularly illuminates
generalization capacity: SVM’s consistent performance indicates transferable predictive
power, while boosting algorithms” MCC collapse (AdaBoost: 0.19 to 0.03; XGBoost: 0.34 to
0.08) reveals site-specific dependencies under default parameters.

Minority Class Recall: Validation vs Test
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0
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Minority Class MCC: Validation vs Test
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Figure 9. Classifier performance under default parameters across test and validation datasets:
(a) recall for the minority class (ceramics), (b) Matthews Correlation Coefficient (MCC).

These patterns carry important practical implications. Validation results using default
parameters underscore that boosting algorithms require site-specific threshold optimization
(Section 4.3) to maintain operational effectiveness. When properly calibrated, these algo-
rithms recover performance—AdaBoost achieves 0.88 recall after tuning—demonstrating that
threshold selection is essential for translating models across varied archeological landscapes.

4.4. Threshold Tuning Analysis

Threshold tuning for boosting classifiers has a significant impact on the detection
of minority classes. In the case of AdaBoost, adjusting the threshold to maximize the
F1-score resulted in an optimal threshold of 0.34. This adjustment improved recall and
balanced the detection of class 1 instances, although it also led to an increase in false
positives. On the other hand, selecting the threshold to maximize the Matthews Correlation
Coefficient (MCC) resulted in a higher threshold of 0.6 (Figure 10). This approach favored
precision and specificity but drastically reduced recall, causing a substantial number of true
positives to be missed. This scenario highlights the precision-recall trade-off that comes
with threshold selection.

For XGBoost, both the best F1 and MCC thresholds were low (0.11), reflecting the need
to lower the default threshold of 0.5 to adequately capture the minority class (Figure 11).
At this threshold, XGBoost demonstrated a better balance between true positive detection
and false positive control, improving the recall for minority classes without significantly
increasing false positives.

AdaBoost, which initially struggled with both low recall and precision under default
parameters, achieved a very high recall of 0.88 after tuning, correctly detecting nearly thirty
out of thirty-four potsherds’ instances in the test dataset. Although this improvement
came at the cost of lower specificity due to more false positives, the model proved highly
effective for maximizing class 1 detection, which is a key objective of this study. XGBoost
also benefited from threshold adjustment, improving recall to 0.68 while maintaining a
stronger balance with specificity (0.74) compared to AdaBoost.
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Threshold Optimization for AdaBoost:
F1-score and MCC as a Function of Decision Threshold
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Figure 10. Fl-score and MCC across decision thresholds for AdaBoost, illustrating the trade-off
between classification performance metrics over the full threshold range [0, 1]. The vertical dashed
line indicates the optimal threshold.

Threshold Optimization for XGBoost:
F1l-score and MCC as a Function of Decision Threshold
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Figure 11. Fl-score and MCC across decision thresholds for XGBoost, illustrating the trade-off

between classification performance metrics over the full threshold range [0, 1]. The vertical dashed

line indicates the optimal threshold.

Overall, the tuned boosting models (Table 6) demonstrated clear improvements over

their default configurations and, importantly, enhanced class 1 detection relative to the

baseline classifiers. AdaBoost proved particularly effective for prioritizing recall (capturing

most ceramics but also producing a greater number of false positives), while XGBoost

offered a more balanced trade-off between detecting ceramics and limiting false posi-

tives. These results underscore the value of threshold optimization in adapting boosting

algorithms to imbalanced archeological remote sensing data, and they highlight boosting

as a promising approach for ceramic detection when the primary goal is to minimize

missed positives.
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Table 6. Classification metrics with Adaboost and XGBoost threshold tuning.

Model Accuracy MCC Precision Class1 Recall Class1  Specificity Class 1

RF 0.8 0.22 0.20 0.50 0.83
MLC 0.68 0.25 0.60 0.33 0.88
SVM 0.84 0.41 0.30 0.75 0.85
ADA 0.62 0.27 0.33 0.88 0.56
XGB 0.72 0.32 0.39 0.68 0.74

Overall, these results emphasize that tuning thresholds is essential for boosting classi-
fiers, especially when the aim is to detect rare classes. This allows the model to be adjusted
for either higher recall (F1 optimization) or higher precision and overall correlation (MCC
optimization). The difference in optimal thresholds between AdaBoost (0.34) and XGBoost
(0.11) highlights how these two models learn differently. XGBoost uses gradient-boosted
trees, which tend to make more cautious predictions.

4.5. Detection of Potsherds in High-Resolution RGB Mosaic

At the final post-processing stage, a structured workflow was implemented in ArcGIS
Pro 3.5.0to refine the classification results and prepare them for subsequent spatial analysis.
The target class (potsherds) was first extracted from the classified raster using the Reclassify
tool. The Majority Filter was applied to minimize classification noise and enhance spatial
coherence. The filtered raster was then converted into polygon features to delineate
contiguous ceramic areas.

After the classified raster was converted to polygon features, an additional field
named Circularity was computed within the polygon dataset to describe the geometric
regularity of each fragment quantitatively. The circularity index was calculated using the

standard formula:
47rtShape Area

Circularity = Porimeter

(8)

where values closer to 1 indicate shapes approaching perfect circles, while lower values
correspond to more elongated or irregular fragments.
In ArcGIS Pro 3.5.0, the field was created using the Field Calculator with the
following expression:
471 Shape Area/Shape length? )]

Circularity was selected as the primary shape descriptor because it provides a robust
and scale-independent measure of geometric regularity, directly linked to the morphological
integrity of ceramic fragments.

A definition query was applied to the dataset to isolate a specific subset of potsherds
for detailed analysis. This query established quantitative criteria to filter fragments based
on their size and morphological characteristics. This criterion targeted sherds exhibiting a
specific range of circularity (Circularity > 0.6 and Circularity < 0.75), thereby focusing the
study on fragments that are more regularly shaped. The resulting polygons were subse-
quently transformed into point features by calculating polygon centroids. This reproducible
workflow produces both vector polygons and points, thereby facilitating accurate mapping,
quantitative analysis, and integration with other spatial datasets. Examples from the results
are presented in Figure 12, where manually selected ground-truth samples are compared
with the prediction output obtained after model training.

The outcomes of this analysis are shown in the Annex (Figures A1-A5, in Appendix A).
Potsherds are shown as colored dots, whereas the different colors indicate the classifier
used for the detection. The field survey recorded different numbers of potsherds across
the sampled grids. In grid DM3_HR, 26 potsherds were documented, resulting in a
VIS_count of 86.7. In grid DM3_HS, 80 potsherds were recorded with a VIS_count of
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160. Grid DM3_HU contained 86 potsherds with a VIS_count of 215, while grid DM3_HT
documented 51 potsherds with a VIS_count of 255.

(b)

Figure 12. Cont.
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Figure 12. Examples from two different samples of potsherd with a true—false detection, and true-true
detection for each classifier, (a) for orthophoto, (b) for RF, (c) for MLC, (d) for SVM, (e) for Adaboost,
and (f) for XGBoost. (Colored dots show ceramics correctly detected by each classifier.; examples are
highlighted with red circles).

Across the entire area of interest (AOI), 243 potsherds were recorded during the field
survey, with a cumulative VIS_count of 716.7. These counts derive from systematic pedestrian
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surveys and are treated as operational ground truth, rather than as an exhaustive census of
all ceramic fragments physically present in the area. In comparison, the classifiers produced
predictions ranging from 210 to 1965 detections, depending on the algorithm and classification
threshold applied (Table 7). UAV-based detections represent probabilistic candidate locations
identified under a recall-oriented exploratory strategy and should not be interpreted as direct
artifact counts. The detected points may include both ceramic fragments overlooked during
pedestrian survey and false positives (e.g., stones or soil features), which require targeted
field verification to resolve. This discrepancy between automated classifier outputs and
ground-truth field observations is further examined in Section 5.

Table 7. Summarized results from the AOI foot survey and classifier predictions. (Note: classifier
results correspond to the total detections of potsherds predicted across the AOI for each algorithm).

Detection of Potsherds with Machine

Survey Type Foot Survey Learning Applied to UAV Image
Grid Potsherd Count VIS Count  Density (m?) RF MLC SVM AdaBoost XGBoost
DM_HS 80 160 1.60 83 36 85 500 601
DM_HR 26 86.7 0.87 92 66 69 314 446
DM_HU 86 215 2.15 106 25 118 452 488
DM_HT 51 255 2.55 598 83 501 299 430
AOI Total 243 716.7 1.79 879 210 773 1565 1965

5. Discussion

The primary contribution of this research lies not in algorithmic innovation but in
developing a methodologically transparent framework for adapting existing ML techniques
to archeological operational requirements. Heritage landscape documentation demands
detection strategies that prioritize comprehensive coverage over precision, accepting higher
false positive rates as an acceptable cost for minimizing undetected artifacts. This study
demonstrates how threshold optimization transforms general-purpose classifiers into
archeologically interpretable prospection tools.

Detecting surface potsherds in remote sensing data is challenging due to class im-
balance, limited annotated datasets, and spectral similarities between ceramics and sur-
rounding soil [9]. Differences between UAV-based classifications and ground-truth counts
(Table 7) reflect these limitations and the significant variations in the results in the different
environments (i.e., grids). Higher spatial resolution, achievable by lowering flight altitude,
could improve detection, though at the cost of coverage. Similarly, enhanced spectral
imaging may help distinguish potsherds from soil, while field-walkers face analogous
difficulties under vegetation, rocks, dust, or variable lighting. Although multispectral
imagery can improve material separability, the principal limitation in potsherd detection
lies in extreme class imbalance rather than sensor capability alone. The present study,
therefore, emphasizes methodological optimization for minority-class detection, demon-
strating that recall-oriented boosting strategies remain essential even under constrained
spectral conditions.

This study implements a semi-automatic detection approach, extending and vali-
dating previous works applied and evaluated at the Alampra and Kophinou sites in
Cyprus [46,47]. The results demonstrate that boosting algorithms, particularly AdaBoost
and XGBoost, significantly improved minority-class detection despite working with a
limited training sample. While these methods initially underperformed under default pa-
rameter settings, threshold optimization substantially enhanced their recall to archeological
materials. Field surveys recorded 215 potsherds, whereas classifier predictions ranged from
215 to 2033 detections. This considerable variation reflects fundamental trade-offs inherent
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in classification approaches. Boosting models tend to produce elevated detection at lower
probability thresholds, primarily due to spectral confusion between ceramic materials and
similar soil backgrounds. Conversely, more conservative classifiers such as Maximum
Likelihood Classification (MLC) often fail to identify subtle or partially buried ceramic
fragments, resulting in underestimating archeological presence.

Post-processing workflows in ArcGIS Pro 3.5.0—including spatial filtering, reclassi-
fication, and conversion of raster outputs to polygon and centroid geometries—proved
essential for visual validation and systematic comparison with ground-truth field data.
These procedures enabled more detailed interpretation of classifier outputs and facili-
tated the identification of spatially coherent detection clusters that correspond to genuine
archeological features.

5.1. Sensitivity Archeological Detection (SAD)

Building on the boosting performance results, we further assessed the performance of
each algorithm’s detection capacity by developing the so-called “Sensitivity Archeological
Detection (SAD)”, which quantifies recall to potential ceramic sites while considering error
and variability across survey areas. The goal was to prioritize high recall and coverage over
strict agreement with visual counts. The SAD is defined as a linear combination of three
normalized metrics: (1) the mean ratio of ML detections to VIS counts (MeanRatio)—a
positive indicator where higher values reflect stronger exploratory detection, (2) the root
mean squared error (RMSE) as a measure of absolute deviation from VIS counts—a nega-
tive indicator where lower values are better, and (3) the standard deviation across areas
(StdDev)—a negative indicator reflecting consistency between the different areas (grids),
with lower values being preferable.

Normalization was performed by dividing each positive metric by its maximum value

NormMeanRatio = MeanRation /max(MeanRatio) (10)
and inverting the negative metrics
NormRMSE =1 — RMSE/max(RMSE) (11)

NormStdDev = 1 — StdDev/max(StdDev) (12)

ensuring all normalized values ranged from 0 to 1 and pointed in the same direction (1 =
best). The final SAD was then calculated as a weighted sum to favor exploratory recall as
follows (Equation (13)):

SAD = 0.6NormMeanRatio + 0.3NormRMSE + 0.1NormStdDev (13)

The weighting scheme (0.6, 0.3, 0.1) was established through expert judgment informed
by archeological remote sensing priorities for detecting ceramic surfaces. The specific
values reflect the relative importance assigned to each criterion: detection recall (w; = 0.6)
is prioritized as approximately twice as critical as spatial precision (w; = 0.3), which in
turn is three times more important than cross-plot consistency (w3 = 0.1). This hierarchical
structure reflects the operational requirement to identify candidate ceramic locations for
subsequent field verification rather than achieve precise quantitative agreement with visual
counts. These weights are context-dependent and may need to be adjusted for different
survey environments or research objectives.

The resulting SAD values indicate that, under this evaluation framework, XGBoost
ranks highest (SAD = 0.60), followed by AdaBoost (SAD ~ 0.58), supporting XGBoost as
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the most exploratory detector, while SVM and RF are more conservative, and MLC highly
under-detects (Table 8).

Table 8. Normalized performance metrics and SAD for each ML algorithm against VIS counts.

Norm. Norm. Norm.

Algorithm  Mean Ratio StdDev RMSE Mean Ratio?  Std Dev 2 RMSE 3 SAD*4
SVM 0.96 0.68 137.72 0.30 0.56 0.58 0.41
MLC 0.36 0.28 142.73 0.11 0.82 0.56 0.32

RF 1.10 0.87 184.04 0.34 0.44 0.44 0.38

AdaBoost 2.51 1.09 237.37 0.78 0.30 0.28 0.58

XGBoost 3.21 1.55 327.39 1.00 0.00 0.00 0.60

I NormMeanRatio = MeanRatio/3.21 (maximum MeanRatio, XGBoost). 2 NormStdDev = 1 — (StdDev/1.55)
(maximum StdDev, XGBoost). > NormRMSE = 1 — (RMSE/327.39) (maximum RMSE, XGBoost). * SAD is the
weighted sum as defined above. Interpretation/Practical Implications.

Based on the SAD, XGBoost achieved the highest score (0.60), followed by Ad-
aBoost (0.58), indicating that—when exploratory detection of potential ceramic sites is
prioritized—XGBoost provides the best balance between maximal coverage (recall) and
acceptable error. In contrast, SVM and RF are more conservative, while MLC consistently
shows low exploratory capability. Therefore, for studies aiming to maximize potential finds
for subsequent field verification, XGBoost (or AdaBoost as an alternative) is recommended,
with careful qualitative validation of areas showing high detection density.

5.2. Rationale for Pixel-Based Classification

The choice to employ pixel-based classification with boosting algorithms, rather than
object-based image analysis (OBIA) or deep learning object detection frameworks, reflects
fundamental methodological considerations specific to archeological ceramic detection
from UAV imagery. At operational flight altitudes (10-15 m) with standard RGB sensors,
surface ceramic sherds typically span 2-5 pixels. An additional factor supporting the
pixel-based approach is spectral mixing. Due to the very small physical size of surface
potsherds, individual pixels frequently capture a mixture of ceramic material and the
surrounding soil matrix. This mixed spectral response reduces the effectiveness of object-
based segmentation and bounding-box detection approaches and reinforces the suitability
of pixel-level classification strategies that operate directly on subtle spectral variation. This
sub-object scale presents inherent limitations for both OBIA and deep learning approaches.
OBIA segmentation algorithms require meaningful object boundaries that do not exist at
this resolution, while deep learning object detection frameworks (YOLO, Faster R-CNN)
are optimized for objects spanning minimally 10-20 pixels and rely on bounding box
representations that become geometrically unstable at pixel-scale dimensions. The pixel-
based approach more appropriately matches the spatial scale at which ceramic artifacts
appear in the imagery.

Additionally, deep learning approaches face practical constraints in archeological
contexts. Thousands of annotated examples are typically required for robust deep learning
model training, and transfer learning from standard computer vision datasets does not read-
ily generalize to the distinctive spectral-textural characteristics of weathered ceramics. The
post-processing protocols employed in this study, including spatial filtering and minimum
mapping unit thresholds, effectively addressed salt-and-pepper noise and transformed
pixel classifications into coherent archeological feature candidates.

While future research may benefit from evaluating hybrid approaches or emerging
architectures designed for small object detection, the pixel-based boosting methodology
employed here offers a practical and theoretically grounded approach given current data
and technological constraints.
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5.3. Robustness Analysis and Methodological Limitations
5.3.1. Sensitivity Analysis of SAD Metric Weights

The hierarchical weighting scheme (0.6, 0.3, 0.1) employed in the SAD metric reflects
established archeological remote sensing principles: wy = 0.6 (Mean Ratio) prioritizes
detection sensitivity as the primary objective in archeological prospection; w, = 0.3 (RMSE)
acknowledges that spatial precision is important but secondary to detection capability; and
w3 = 0.1 (StdDev) recognizes that consistency across survey areas is desirable but should
not override superior mean performance.

However, as the SAD metric (Equation (13)) is a linear composite of three normalized
criteria, weight selection may introduce subjectivity. To assess the robustness of SAD rankings
to weight uncertainty, we conducted a sensitivity analysis using established guidance for
composite indicators and multi-criteria decision analysis (MCDA), which recommends Monte
Carlo uncertainty propagation to quantify ranking stability and potential rank reversals.

We generated N = 200,000 admissible weight vectors w = (Wpr, WRMSE, Wsp) con-
strained to w_i > 0 and Xw_i = 1, using a Dirichlet distribution centered on the nominal
weights (0.6, 0.3, 0.1). For each sampled weight vector, SAD scores were recomputed for all
classifiers, and the resulting rankings were recorded.

Under these local perturbations, the Top-2 set (XGBoost, AdaBoost) remained un-
changed in 98.32% of samples; XGBoost ranked first in 69.99% and AdaBoost in 29.94%,
indicating that rank reversal is largely confined to swapping between these two algorithms.
An analytic threshold analysis further shows that for wyr > 0.577, XGBoost is guaranteed
to remain top-ranked irrespective of the split between RMSE and StdDev weights. The
nominal configuration (wpr = 0.6) lies within this robust region (Figure 13).

XGBoost (winner region) AdaBoost (winner region) SVM (winner region)
(a) Norm Mean Ratio (b) Norm Mean Ratio (c) Norm Mean Ratio
Norm. [ ¥] 04 05 06 0.8 Norm. Norm 0.2 04 05 06 0.8 Norm. Norm. 0.2 04 05 06 0.8 Norm.
RMSE Std Dev RMSE Std Dev RMSE Std Dev
Sverattwinmermap MtCtwinmerregrony Rf-twinmerregron}
(d) Norm Mean Ratio (e) Norm Mean Ratio (f) Norm Mean Ratio
Robust region
(0.6, 0.3,0,1{%-MR = 0.577)
0.6 0.6
05 ¥GBoost = AdaBoost 05
04 04 0.4
No winner region
for this classifier
0.2 0.2
Norm. 0.2 04 05 06 0.8 Norm. Norm. 0.2 04 05 06 0.8 Norm. Norm. 0.2 04 05 0.6 0.8 Norm.
RMSE Std Dev RMSE Std Dev RMSE Std Dev
QO Nominal weights B SVM MLC W RF W AdaBoost M XGBoost

Figure 13. Weight-sensitivity maps of SAD rankings under varying weight configurations. Panels
(a—c) show the regions of the weight simplex (Wyr, WrymsE, Wsp) with w_i > Oand )} w_i = 1, where
XGBoost, AdaBoost, and SVM, respectively, achieve the highest SAD score (winner regions). Panel
(d) presents the overall winner map (The colored regions correspond to the winner model in each
panel, as indicated in the legend) and marks the nominal weight configuration (0.6, 0.3, 0.1), together
with the analytical boundary where XGBoost and AdaBoost swap ranks, and the robust region
wur 2, 0.577 in which XGBoost remains top-ranked regardless of the split between the other two
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weights. Panel (e) shows the winner region for MLC. Panel (f) indicates that RF does not attain rank

#1 for any feasible weight combination given the normalized criteria in Table 8.

Overall, SAD conclusions are stable to realistic uncertainty around the proposed
weight structure, while transparently indicating the conditions under which the top rank
may switch between XGBoost and AdaBoost.

5.3.2. Spatial Generalizability Considerations

The threshold optimization is sensitive to specific data distributions, raising questions
about cross-site generalizability. The proposed methodology was tested across four spatially
distinct survey grids (DM_HS, DM_HR, DM_HU, DM_HT) within the Megara study
area, which exhibit substantial variability in potsherd density (0.87-2.55 m?), total counts
(26-86), and environmental conditions (Table 7). The standard deviation component in the
SAD metric (w3 = 0.1) explicitly quantifies inter-grid consistency, providing a measure of
algorithm stability across these variable micro-environments.

Although these grids were not employed as independent train/test partitions for
threshold determination, the consistent superior performance of boosting algorithms across
grids with nearly threefold density variation suggests reasonable robustness to local site
characteristics within a single landscape context.

However, it is acknowledged that full generalizability requires more extensive val-
idation. Future work should include the following: (1) cross-site validation using geo-
graphically independent archeological areas (e.g., training on Cyprus sites and testing on
Greek sites, or vice versa); (2) grid-based cross-validation where thresholds are optimized
on subset grids and validated on spatially separated held-out grids within the same land-
scape; and (3) systematic testing across different soil types, vegetation cover densities, and
seasonal illumination conditions.

The current results demonstrate proof-of-concept performance across variable micro-
environments within a single archeological landscape, but we recognize that establishing
broader applicability necessitates testing across environmentally and geographically dis-
tinct study areas with independent training and validation datasets.

5.3.3. Methodological Boundary Conditions and Applicable Scope

The effectiveness of the UAV-based detection method is shaped by environmental and
operational factors that set its limits.

The method works best when vegetation is sparse and ceramic surfaces are directly
visible, such as in plowed fields or bare soil. Dense vegetation or crop cover greatly reduces
detection. Strong spectral contrast between ceramics and soil improves results. Midday
data collection minimizes shadows, while morning or evening light increases shadow
variability. Recently disturbed soils exposed more artifacts; older, compacted soils may
hide them.

Detection is limited when canopy cover exceeds 30%, when ceramics and soil have
similar colors, or when the terrain is uneven. Stones, debris, and variable soil moisture can
cause false positives. Small ceramic fragments (under 2 cm?) are hard to detect at standard
survey heights, nearing the limits of UAV sensors.

This method is an exploratory tool to identify high-potential areas for later ground
checks, not for exact artifact counts. It favors high recall and accepts more false positives
to maximize coverage. It is best used for rapid, large-area screening where follow-up
fieldwork is possible and precise artifact counts are less important.

These findings apply mainly to Mediterranean landscapes similar to Megara—agricultural
areas with soil disturbance, low-to-moderate vegetation, and ceramics that contrast with
local soils. Densely vegetated or spectrally uniform areas would need different methods.
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6. Conclusions

This study demonstrates that threshold-optimized boosting classifiers can be effec-
tively adapted for archeological ceramic detection, providing an operational framework
that maximizes recall for exploratory landscape survey. While this approach generates
higher false positive rates than conventional classifiers, this trade-off aligns with archeo-
logical prospection priorities where comprehensive coverage outweighs precision. The
integration of UAV-based detection with systematic ground-truth validation ensures archeo-
logically interpretable outputs and guards against over-reliance on algorithmic predictions.
This methodological framework acknowledges that remote sensing serves as a prospection
tool rather than a definitive inventory method, requiring expert validation to transform
statistical predictions into meaningful archeological knowledge. Future refinements should
explore ensemble combinations, spatial-textural feature integration, multispectral data
incorporation, and cross-landscape validation to enhance the framework’s robustness and
transferability across diverse Mediterranean archeological contexts.

The overall findings are aligned with previous works, such as those reported by
Orengo and Garcia-Molsosa [3] and Agapiou et al. [9], indicating that low-altitude remote
sensing sensors can play a significant role in archeological field surveys. These methods can
potentially support future archeological fieldwork cost-effectively, particularly in situations
with limited research timelines and a need to document rapidly disappearing archeological
landscapes for many reasons.

This study validates a semi-automatic detection methodology that adapts existing
boosting algorithms (AdaBoost, XGBoost) through threshold optimization for archeological
ceramic prospection. Working with limited training data (15% subset), the framework
demonstrates that recall-oriented optimization can enhance minority-class detection de-
spite elevated false positive rates—a methodological trade-off appropriate for exploratory
archeological survey where undetected artifacts represent greater information loss than con-
trolled over-prediction. The results confirm that minority-class recall metrics provide more
archeologically meaningful performance indicators than overall accuracy in prospection
contexts, prioritizing comprehensive site coverage over precise artifact enumeration.

Optimizing the threshold proved crucial for improving classifier recall during prospec-
tion. The optimal thresholds were 0.34 for AdaBoost and 0.11 for XGBoost, resulting in
detection-to-ground-truth ratios of 2.5 and 3.2, respectively. While these thresholds sub-
stantially increased detection rates, they also produced higher false positives—a deliberate
trade-off that aligns with the exploratory objectives of archeological landscape survey.
These findings highlight the need to move beyond default classification parameters and
to adopt data-driven optimization strategies that explicitly balance recall and specificity
according to survey objectives.

The study establishes a methodological framework for archeological remote sensing
that acknowledges fundamental trade-offs between detection recall and precision. The Sen-
sitivity Archeological Detection (SAD) introduced here provides a metrics-based approach
for evaluating algorithms based on exploratory detection capacity rather than strict accu-
racy, making it applicable to rare-object prospection problems in archeological landscape
investigations. However, integrating UAV-based multispectral detection with systematic
ground-truth surveys remains essential to ensure archeologically realistic interpretation
and guard against over-reliance on algorithmic outputs.

This research demonstrates that UAV-based boosting classifiers can effectively flag ar-
eas for targeted archeological field investigation, enabling archeologists to prioritize survey
efforts more efficiently than traditional systematic coverage alone. The approach functions
as a prospection tool requiring expert validation rather than a standalone detection system.
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Future advancements should explore ensemble combinations of classifiers, the in-
tegration of spatial and textural features, enhanced multispectral data, and validation
across diverse landscapes in order to improve the robustness and generalizability of ce-
ramic prospection from remote sensing imagery. Recent advances in remote sensing
have increasingly explored few-shot and meta-learning approaches to address scenarios
with limited training data [59,60]. While these methods are promising for annotation-
scarce settings, the present study focuses on a complementary challenge—extreme class
imbalance—demonstrating that recall-oriented boosting and threshold optimization remain
critical for effective minority-class detection even outside episodic learning frameworks.

This work supports the growing application of machine learning in archeology and
represents a significant step toward developing practical, operational computational tools
for archeological landscape prospection using low-altitude aerial imagery. Boosting clas-
sifiers, combined with threshold optimization and hybrid validation workflows, offer
archeologists an accessible means to enhance field survey efficiency while preserving the
essential role of expert interpretation in transforming statistical predictions into meaningful
archeological knowledge.
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Figure A2. Potsherd detection (points—light cyan color) over the AOI from the Maximum
Likelihood Classification.
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Figure A3. Potsherd detection (points—blue color) over the AOI from the Support Vector
Machine classification.
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Figure A4. Potsherd detection (points—light green color) over the AOI from the Adaptive
Boosting classification.

https://doi.org/10.3390/heritage9030099


https://doi.org/10.3390/heritage9030099

Heritage 2026, 9, 99 33 of 35

A

Figure A5. Potsherd detection (points—red color) over the AOI from the Extreme Gradient
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Boosting classification.
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