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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 =
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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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