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Abstract

Artificial Intelligence and Machine Learning have brought about a basic reordering of how the
archaeologist handles, makes use of and interprets historical data. The discipline is no longer
confined to the exacting and slow pace of manual excavation or artifact typology; today it relies on
computational models to process the kind of information in volume that LiDAR, photogrammetry and
geophysical surveys can yield. In this paper we examine the part Al has played in transforming the
field, focusing in particular on the automated classification of finds and algorithmic site discovery. A
mixed-methods approach was adopted to cover the institutional as well as the numerical aspects of
such an undertaking. We have put together quantitative data from a survey of 850 professionals (field
archaeologists, heritage conservators and GIS experts at institutions worldwide) and set it against
gualitative material drawn from 60 semi-structured interviews with curators and senior researchers.
Our statistical modelling of the former, incorporating reliability testing and hierarchical multiple
regression, was meant to determine the predictive worth of Al in terms of analytical efficiency. As for
the qualitative transcripts, thematic analysis was applied to reveal systemic impediments, the
technical deficit of some traditionalists being one example and the ever-present question of funding
another. The findings point to a considerable speeding up of operations. With LiDAR-based detection
our models were 94 per cent accurate, something manual approaches could not match. A strong
positive correlation between project efficiency and the application of Al is confirmed by the
hierarchical regression (f = 0.62, p < 0.001), although model training has been shown to be stymied
by a lack of standardised digital archiving (f = -0.45, p < 0.01). In the end, while Al offers
unprecedented capabilities, the discipline must undergo structural evolution to address matters of
bias and dataset standardisation if it is to make full use of them. We see these results as a framework
for the modernising of archaeological practice in the digital age.

Keywords: Artificial Intelligence; Computational Archaeology; Machine Learning; Remote Sensing;
LiDAR; Artifact Classification; Cultural Heritage; Predictive Modeling; Digital Humanities.

1. INTRODUCTION

For all intents and purposes, the hallmark of
archaeological research has been the hard
work of field excavations and the manual
cataloguing of material culture done with care.
But the deluge of spatial, textual and
morphological data characteristic of the digital
era is changing that. The advent of 3D
photogrammetry,  high-resolution  satellite
imagery and ground-penetrating radar has seen
the scope of observation expand exponentially.
The modern archaeologist’s problem is not so
much to collect data as to find a way to
interpret and synthesize it. Put before
petabytes of topographical point clouds or tens
of thousands of ceramic sherds, even a human
analyst of the first order will be constrained by
time and cognition.

Al and ML are there to bridge that gap. Once
regarded as something of an experiment they

are now the foundation of analysis. Through
computer vision the old rules of artifact
typology are  being  rewritten  and
Convolutional Neural Networks (CNNs) can
be made to detect the most subtle irregularities
in a buried structure. The adoption of these
tools is hardly universal though. There remains
epistemological uncertainty in the field, a
paucity of computational know-how and the
fragmentation of the datasets required for
algorithmic training. This study is an attempt
to measure the efficacy of Al in comparison
with what has gone before and to identify the
structural barriers to its employment, in the
hope of setting out a course for computational
heritage management.
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2. LITERATURE REVIEW

2.1 MACHINE LEARNING IN REMOTE

SENSING AND SITE DISCOVERY

In complex terrain, deep learning has made

identifying anthropogenic changes a different

proposition.

e Algorithms are able to discern the
geometry of an ancient terrace or burial
mound through the canopy with the aid of
SAR and LiDAR.

e When environmental factors such as
paleo-hydrology or soil type are
introduced, predictive models  will
generate heat maps of probable
settlements and save on survey resources.

e One finds in the literature cautionary tales
of ‘algorithmic bias’; a model over-tuned
to the rectilinear style of the Romans
might overlook an indigenous edifice.

e To automate is to spare the eye from
tedium and to turn round landscape-scale

data in a fraction of the years a manual
review would demand.

2.2 COMPUTER VISION FOR

ARTIFACT TYPOLOGY AND

CLASSIFICATION

Digitising material culture has allowed

computer vision to do the sorting of artifacts.

e CNNs have an aptitude for telling apart
broken ceramics on the basis of the
slightest difference in texture.

¢ With machine learning one can arrive at a
high level of statistical certainty when
appraising species or pathology in faunal
and human remains.

e NLP and OCR are expediting the reading
of worn epigraphy.

e Then again, what works in the lab may not
in the field. Models are prone to flounder
with damaged pieces or noisy data, and
open-access databases for training are in
short supply, as any researcher will
confirm.

Graph 1: Comparative Accuracy of Al vs. Traditional Archaeological Methods
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3. OBJECTIVES OF THE STUDY

The purpose of the present research is to offer
a systematic view of Al in contemporary
archaeology, to assess its limitations as well as
its effectiveness and integration.
Computational methods have in short order
made the journey to the heart of heritage
studies from its periphery. It is therefore
incumbent on one to make an empirical
assessment of the extent to which these

technologies are any good for analytical rigour
and efficiency of operation. While you will
find no shortage of algorithmic triumphs in the
computer science literature, hard data on how
they fare under the exigencies of field
archaeology is conspicuous by its absence.
And there is a certain friction between the
more technical computational paradigms and
the  teaching methods favoured by
traditionalists in the discipline. The present
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study would put some figures on that divide by
establishing an empirical benchmark for Al
over the manual approach. We also want to
determine what socio-institutional
impediments, whether illiteracy or a paucity of
funds, are responsible for keeping Al out of
the hands of heritage organisations globally.

This investigation is driven by the following

objectives:

e Pitting the speed and accuracy of Al
remote sensing, LiDAR being a case in
point, against conventional topographical
analysis in the discovery of sites.

e An examination of the statistical merits of
computer vision for the classification of
fragmented material culture.

o To expose the pedagogical, financial and
institutional barriers to computational
archaeology.

e Determine the impact unstructured legacy
data has on the training of machine
learning models of today.

e Find out just how much epistemological
trust an algorithm’s output can command
from a senior museum curator or field
archaeologist.

e The creation of an evidence-based
framework for ethical algorithm use in the

field, the Al-Assisted Archaeological

Analysis Framework.
4. RESEARCH METHODOLOGY
4.1 RESEARCH DESIGN AND
SAMPLING STRATEGY
In order to map the intersection of historical
preservation and computational technology as
it should be done, a mixed-methods design
was called for; this provides the statistical
basis for performance metrics as well as a
finer appreciation of institutional uptake. For
the quantitative component, 850 heritage
sector professionals were drawn from a
stratified random sample and given a cross-
sectional survey. The cohort comprised field
directors of the private CRM industry, digital
curators, bioarchaeologists and GIS specialists
from both the public registries and academia.
Any technical friction or how often workflows
are integrated was gauged with the aid of
psychometric scales.
Qualitatively we sought 60 semi-structured
interviews with museum heads, algorithm
developers and lead researchers of that ilk.
Such an approach is meant to elicit the
narrative behind the statistics, not least the
systemic  funding problems in digital
archaeology and the epistemological quandary
of trusting a black box.

Table 1: Demographic Profile and Data Collection Framework

Research Parameter

Methodological Description / Sample Count

Primary Research Approach

Mixed-Methods (Quantitative & Qualitative)

Quantitative Sample Size

850 Archaeological Professionals

Qualitative Sample Size

60 Interviews (Curators, Computational
Experts)

Sampling Technique

Stratified Random across Disciplines

Data Collection Instruments

Structured Questionnaires, Interview Guides

Key Variables Assessed

Adoption Barriers, Workflow Efficiency,
Algorithm Accuracy

Quantitative Analysis Tools

Cronbach’s a, Hierarchical Multiple Regression,

CFA

Qualitative Analysis Tool

Thematic Content Analysis

4.2 DATA ANALYSIS AND VALIDATION
PROCEDURE

Integrity of the results has been ensured by
way of rigorous validation. Confirmatory
Factor Analysis (CFA) was applied to the

survey data for construct validity and
Cronbach’s alpha for reliability, all modelled
through advanced software. An iterative
thematic coding of the interview transcripts
was undertaken to identify communication
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breakdowns or data fragmentation between
disciplines. Informed consent was recorded
and we observed absolute confidentiality of

participants, as is required by international

academic ethics.

Graph 2: Primary Structural Barriers to Al Adoption in Archaeology

Epistemological Skepticism
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5. DATA ANALYSIS

What the numbers reveal is as much about the
structural rigidities impeding computational
archaeology as it is of its capabilities.
Descriptive  statistics  place  Al-assisted
processes in a class apart. Respondents rate the
accuracy of algorithmic LiDAR at 94%
compared to 65% for a visual survey done the
old way. There is a marked hastening of post-
excavation work in the lab as well, automated
artifact classification being 88% successful.
The theoretical constructs are borne out by the
CFA which gives a robust model fit (CFI =
0.96, RMSEA = 0.04). A clear positive

Data Fragmentation

Funding Constraints

predictor of project efficiency is the adoption
of machine learning (B = 0.62, p < 0.001),
according to the hierarchical multiple
regression. So too is the use of open-source
datasets for computer vision (f = 0.51). On the
other hand, non-standardised digital archiving
and the vagaries of legacy data will undermine
model reliability (B = -0.45). As to the reasons
for slow adoption, 38% of the survey
respondents cite a lack of technical skill in
their staff, with constricted budgets for digital
infrastructure a close second at 28%. Our
scales have an internal consistency to match
(Cronbach’s a > 0.89).

Table 2: Statistical Evidence of Al Integration and Operational Efficiency

Research Construct / Predictor Cronbach’s | Regression
X Mean p-value
Variable a B)
Machine Learnmg Workflow 445 0.93 0.62 <0.001
Integration
Open-Source Dataset Utilization 4.28 0.68 0.91 0.51 <0.001
Algorithmic Site Detection 455 055 0.94 048 <0.001
Accuracy
Legacy Data Fragmentation 3.92 0.85 0.89 -0.45 <0.01
Overall Analytical Project
Efficiency 4.38 0.65 0.92 - -
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6. DISCUSSION
There is no mistaking the message from the
empirical data in this study: Artificial
Intelligence has brought about an existential
shift in archaeological methodology, and with
it a marked increase in the scope and
exactitude of historical inquiry. The link
between project efficiency and ML workflows
is underpinned by a solid regression
coefficient (B = 0.62), which tells us that
algorithms are no longer on the sidelines but
have become the engine of data synthesis. One
need only consider remote sensing to see the
point; deep learning can now be put to work
on landscape-scale LiDAR to reveal settlement
patterns invisible to the unaided eye,
effectively redrawing our historical
geographies.
Yet a qualitative assessment shows a
discipline not yet in a position to handle such
digital disruption. A 38% rate of non-adoption
can be traced to technical shortcomings, a
clear sign that archaeology curricula have
failed to give computational science the same
standing as more traditional field methods.
Then there is the matter of predictive models
being stymied by algorithmic bias or the siloed
databases of museums which lack the clean
training data required. For the field to make
use of what computational archaeology has to
offer, it will have to reconcile itself with
computer science.

In light of these findings we put forward the

following recommendations for policy:

e Undergraduate  programmes at the
university level ought to accommodate
machine learning, Python and data science
within their core syllabus.

e Heritage institutions should be building
open-access, standardised databases on a
worldwide scale to meet the demands of
computer vision.

e We would urge funding bodies to give
priority to interdisciplinary grants that
bring together the field archaeologist and
the computational scientist.
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e Those responsible for  developing
algorithms have an obligation to check for
regional or typological bias, lest they
systematically pass over indigenous or
non-western architecture.

7. CONCLUSION
It is hard to argue with the evidence that Al is
now woven into the very fabric of
archaeology, changing how we do spatial
analysis and preserve history. This research
makes plain that machine learning can do for
the detection of remote sites what was once a
matter of time-consuming logistics in material
culture. The figures show an Al workflow to
be an efficient way round the temporal
bottlenecks of manual artifact classification.
Full democratisation of the technology is not
without its hurdles, however. One finds
epistemological pushback, disjointed old
datasets and a want of technical skill. To move
forward with these new paradigms, academic
structures must be revised to marry the
humanistic with the data-driven. With some
standardisation of digital archives and more
cross-disciplinary work, the community is well
placed to protect and uncover world heritage
in ways hitherto unimagined.
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