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ARTICLE INFO ABSTRACT

Keywords: Reconciling the ever-increasing volume of new archaeological data with the abundant corpus of legacy data is
Archaeology fundamental to making robust archaeological interpretations. Yet, combining new and existing results is
Burials

hampered by inconsistent standards in the recording and illustration of archaeological features and artefacts.
Attempts at collating data from images in existing publications first involve scouring the substantial body of
Deep learning existing literature, followed by extracting images that require onerous manual preprocessing steps, like re-
Geometric morphometrics scaling, re-orienting, and re-formatting. While the sample sizes of such manual analyses are curtailed by these
AutArch problems, recent developments in Al and big data methods are poised to accelerate and automate large syntheses
of existing data.

This paper introduces an Al-assisted workflow capable of creating uniform archaeological datasets from
heterogeneous published resources. The associated software (AutArch) takes large and unsorted PDF files as
input, and uses neural networks to conduct image processing, object detection, and classification. Objects
commonly found in archaeological catalogues — like graves, skeletons, ceramics, ornaments, stone tools, and
maps - are reliably detected. Accompanying elements of the illustrations, like North arrows and scales, are
automatically used for orientation and scaling. Outlines are then extracted with contour detection, allowing
whole-outline morphometrics. Detected objects, contours, and other automatically retrieved data can be
manually validated and adjusted via AutArch’s graphical user interface.

While we test this workflow on third millennium BCE Central European graves and Final Neolithic/Early
Bronze Age arrowheads from Northwest Europe, this method can be applied to the vast number of artefacts and
archaeological features for which shape, size, and orientation holds technological, functional, cultural, and/or
temporal significance. This Al-assisted workflow has the potential to speed-up, automate, and standardise data
collection throughout the discipline, allowing more objective interpretations and freeing sample sizes from
budget and time constraints.

Artificial intelligence (AI)
Object detection

1. Introduction existing body of data grows with each passing year. Continual meth-
odological improvements to archaeological analyses also necessitate re-

1.1. Context: Al and big data in archaeology analysing legacy datasets to make our present results comparable with
those from previous decades. Together, these factors make holistically

The rate of data collection in archaeology is outpacing our ability to interpreting existing and new archaeological data an insurmountable
meaningfully interpret this data. Each new excavation accrues more task with present methods. This poses the most urgent challenge to ar-
archaeological evidence than can be meaningfully analysed, and the chaeologists, whose primary goal is preserving and interpreting
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Fig. 1. Workflow for automatic recording of archaeological catalogues.

information about the past. Recent advances in Al present opportunities
for applying big data methods to this otherwise overwhelming corpus of
archaeological data.

In response to this problem, attempts have recently been made to
store and, in some instances, consolidate all archaeological datasets into
single databases, e.g., BIAD (Reiter et al., 2024), Big Exchange (Kerig
et al.,, 2023), EAMENA (Bewley and Bradbury, 2017), Pandora
(Fernandes and Boivin, 2021). The fragmentary nature of the archaeo-
logical record means there are few opportunities for the truly ‘big data’
analyses that are more routine in other disciplines. These databases,
alongside the body of published material, provide a rare chance to
conduct such analyses. The use of artificial intelligence and big data
models in scientific and commercial applications surged in popularity in
recent years. Advances in deep learning, for instance, have enabled users
to solve complex image processing problems. These new approaches are
often argued to be the next frontier (Kristiansen, 2014) in archaeology.

One of the richest sources of legacy data stored in published sources
are illustrations and photographs of artefacts and archaeological fea-
tures. These images preserve size and shape data, which can be used to
make technological, functional, chronological, and cultural in-
terpretations. In this paper, we apply Al and image processing com-
plemented by a workflow for automatic recording of archaeological
catalogues, demonstrating its utility with the analysis of graves and
arrowheads (Fig. 1). This Al-assisted and automated method of outline
extraction makes marked improvements over previous image processing
methods, which necessitated time-consuming pre-processing steps that
constrained sample sizes, impeding the application of big data methods.
While we test this workflow on burials and arrowheads, this workflow
could be equally applied to the vast number of material remains for
which outline size and shape holds techno-cultural significance.

1.2. Challenge: consistent assemblages of archaeological data

Previous attempts to make sense of new and previously published
photographs and illustrations have analysed manually extracted out-
lines from a wide range of artefact and ecofact types. For instance,
quantifying outline shape from photographs has proven useful in the
analysis of handaxes (McNabb and Cole, 2015; Key and Lycett, 2017;

Hoggard et al., 2019; Key, 2019; Pargeter et al., 2019; lovita, 2011;
Schillinger et al., 2014, 2016), points (Buchanan and Collard, 2010;
Cortell-Nicolau et al., 2020, 2023; Matzig et al., 2021; Way et al., 2022),
flakes (Eren et al., 2008; Dogandzic et al., 2015; Muller and Clarkson,
2016, 2023; Hoggard and Stade, 2018; Radinovi¢ and Kajtez, 2021;
Kadowaki et al., 2024), and even botanical remains (Terral et al., 2010;
Ros et al., 2014; Jesus et al., 2021; Tarongi et al., 2024; Tsirtsi et al.,
2023). Meanwhile, illustrations have been used to compute outline
shapes for items like lithic points (Serwatka and Riede, 2016; Ivanovaite
etal., 2020), metal artefacts (Forel et al., 2009; Monna et al., 2013; Birch
et al., 2019), and buildings (Goldgeier et al., 2025). Almost all of these
studies require multi-stage manual pre-processing steps to re-format,
scale, and clean the photographs or illustrations, often involving
several image processing programs. Many of these studies also require
the manual placement of landmarks for geometric morphometrics,
which is time-consuming and prone to large inter-observer errors (Fox
et al., 2020; Robinson et al., 2017). Automatic methods of outline
extraction have the potential to make analyses of outline morphology
considerably more efficient and objective, with larger sample sizes.

Incorporating legacy images, with various scales, resolutions, and
orientations, that also routinely require cleaning of ‘background noise’,
makes the collection of truly large sample sizes infeasible with existing
methods. We introduce AutArch, an Al-assisted method, that automates
many of these aspects of outline extraction to, for the first time, enable
the efficient and objective processing of images from legacy data sources
with an eye towards truly big data analyses.

Here, we outline the challenges that this Al-assisted workflow is
aimed at addressing. When aiming to collate such assemblages, existing
records cannot be integrated unchanged. Records with comparable
quality, resolution, and consistently applied recording standards are
required, which is rarely the case in archaeology. Manually stand-
ardising published archaeological illustrations would be a prohibitively
time-consuming, repetitive and error-prone task.

A parallel problem is encountered when attempting to extract text-
based information from the overwhelming corpus of published litera-
ture. Natural language processing (NLP) has served archaeologists for
more than a decade (Bateman and Jeffrey, 2011; Jeffrey et al., 2009;
Vlachidis et al., 2010) and is poised to change how we extract
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information from the ever-growing number of publications (Brandsen
et al., 2023; Wright et al., 2023). For instance, it has proven most useful
in extracting information like chronologies, cultural taxonomies, and
artefact types from grey literature field reports (Vlachidis et al., 2010;
Brandsen et al., 2022; Brandsen and Lippok, 2021). In our research re-
ported here, we also aim at extracting data from legacy sources, but from
images rather than text. Ultimately, text (NLP) and images (image
processing) approaches could be combined, as we discuss as future
work.

The aim of integrating images from thousands of archaeological
PDFs is further hampered by difficulties in reliably and objectively
finding relevant data. Screening thousands of pages of text and images to
locate relevant content is a time-consuming and repetitive task; data can
be scattered across many parts of the document; papers can be written in
different languages and alphabets; various conventions for describing
attributes such as the size and orientation of graves are inconsistently
applied. Thus, the mere collation of data from published tables can
result in inconsistent datasets. NLP has the potential to improve the
integration of literature and datasets written in different languages
(Binding et al., 2019). But for images, using Computer-Assisted Design
(CAD) or drawing software products to manually re-measure objects
based on published drawings is tedious and prone to error. Therefore,
large-scale assembly of uniform and commensurate data from a variety
of sources is rarely possible in practice.

The lack of unified drawing standards in archaeology especially
complicates data comparison across publications. Measuring the width,
length and depth of a three-dimensional object, such as a burial pit, for
instance, might be expected to yield consistent results independent of
author and publication; yet, there are multiple ways to describe objects
in archaeology, particularly for irregular shapes. Archaeological site
manuals (Museum of London Archaeology Service, 1994) rarely provide
guidelines on how to measure non-symmetrical objects such as graves.
And while some authors show how the length was measured by drawing
a line through the grave (Gazenbeek et al., 2009; Ortolf, 2014), the
width is rarely indicated in the same manner. Even if this information
was transparently reported, harmonising measurement conventions re-
mains a challenge. Reporting the orientation of skeletons in graves is
similarly fraught (Wentink, 2020). The orientation of graves is rarely
given in degrees, and when it is, different methods apply, often
confusing the orientation of the skeleton with the orientation of the
grave cut.

Beyond graves, synthesising data from artefact analyses are
hampered by a similar set of problems. There is little standardisation
among published tables of artefact classifications or measurements.
Differences in recording standards and nomenclature become particu-
larly pronounced when comparing different time periods. The mea-
surements themselves are not always standardised either. For instance,
there are even several ways of measuring something as simple as flake
length, each resulting in different values (Dogandzic et al., 2015). And
for any artefact, deviations in the angle at which the measurement is
taken can result in considerably different length values (Grosman et al.,
2008). Problematic inter-observer error rates in lithic, ceramic, and
faunal analyses have long been well documented for manual measure-
ments of linear dimensions (Fish, 1978; Lee Lyman and VanPool, 2009),
edge angles (Dibble and Bernard, 1980), and qualitative classifications
(Gnaden and Holdaway, 2000). Recent attempts at making comparative
analyses more consistent (Pargeter et al., 2023; Timbrell et al., 2022)
will help make future syntheses more robust, but legacy datasets remain
fettered by mostly unknown amounts of inter-observer error.

In sum, there is no guarantee that reported measurements of objects
can be compared across different publications. Whether measuring ar-
tefacts or an archaeological feature, like a grave, a uniform analysis of
published images has the potential to remove many of the problems that
otherwise confound syntheses of legacy data.
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1.3. Contribution: an Al-assisted workflow for data collection

In this paper, we present AutArch, an Al-assisted workflow (and
accompanying software) that allows fast, accurate and uniform identi-
fication and analysis of objects in unsorted PDF documents.

Al-assisted approaches are proliferating in many sub-disciplines of
archaeology. In geoarchaeology for instance, machine learning has been
used to more accurately source and classify samples of soils, minerals,
and tephras (Diez-Pastor et al., 2020; Lowe et al., 2017; Oonk and
Spijker, 2015; Petrelli et al., 2017; Berganzo-Besga et al., 2022),
improve precision in temperature estimations of heat-treated lithic
items (Agam et al., 2021), as well as to interpolate geochemical prop-
erties between samples to improve resolution of large-scale geological
mapping (Kirkwood et al., 2016). These methods have also helped
identify anthropogenic structures from aerial surveying (Casini et al.,
2023), like mounds (Caspari and Crespo, 2019; Freeland et al., 2016;
Guyot et al., 2018; Guyot et al., 2021; Orengo et al., 2020; Sharafi et al.,
2016; Verschoof-van der Vaart and Lambers, 2019; Berganzo-Besga
et al., 2021; Berganzo-Besga et al., 2023), structures (Bachagha et al.,
2023; Klassen et al., 2018; Trier et al., 2019), desert kites (Bouzid and
Barge, 2022), irrigation systems (Soroush et al., 2020), and combustion
features (Bonhage et al., 2021; Thabeng et al., 2019). The identification
of anthropogenic cut-marks on bones has also been improved with
machine learning (Byeon et al., 2019; Cifuentes-Alcobendas and Domi-
nguez-Rodrigo, 2019; Courtenay et al., 2019; Dominguez-Rodrigo,
2019; Dominguez-Rodrigo et al., 2020; Dominguez-Rodrigo and
Baquedano, 2018). As has the identification, classification, and inter-
pretation of images like rock art (Jalandoni et al., 2022; Kowlessar et al.,
2021; Tsigkas et al., 2020; Wang et al., 2010), wall paintings (Kogou
et al., 2020), decorations (Chetouani et al., 2020; Romanengo et al.,
2020), mosaics (Felicetti et al., 2021), and scripts (Rao et al., 2009;
Bogacz and Mara, 2022; Homburg et al., 2022). Finally, machine
learning has been instrumental in the analysis of the typology, style, and
regionalization of archaeological artefacts like lithic points (MacLeod,
2018; Nash and Prewitt, 2016), ceramics (Bickler, 2018; Cintas et al.,
2020; Gualandi et al., 2021; Horr et al., 2014; Ostertag and
Beurton-Aimar, 2020; Parisotto et al., 2022; Pawlowicz and Downum,
2021), ivory carvings (Gansell et al., 2014), glass vessels and coins (van
der Maaten et al., 2006).

These previous archaeological approaches leveraging Al have often
addressed narrowly focused research questions aimed at specific fea-
tures or artefacts. As of yet, the potential for Al-assisted workflows to be
applied more generally and on larger sample sizes has not been fully
explored. Despite archaeology’s traditional emphasis on typological and
geometric morphometric approaches, published resources such as
archaeological drawings and photographs in illustrated catalogues have
remained underutilised (Resler et al., 2021). Yet, Hoggard et al. (2022)
demonstrated the reliability of employing legacy artefact illustrations
from multiple sources in shape analyses. There is thus much potential for
AutArch to provide a general solution that increases the usefulness of
published resources by making their content immediately available to
archaeologists as data in a well-defined format.

1.4. Testing ground: third millennium BCE Europe

Due to the ‘messy’ (Vander Linden, 2006), but to some extent re-
petitive nature of the archaeological record of third millennium BCE
Europe, this period provides an interesting testing ground for innovative
Al-assisted approaches to data collection. Tens of thousands of graves
and grave inventories have been ascribed to this period. Historically,
archaeological assemblages have been grouped into archaeological
‘cultures’, based on different classes of attributes, making comparison
difficult. Southeast European ‘Yamnaya’ assemblages, for instance, are
defined after a specific type of burial, Russian ‘Yama’, i.e. ‘pit’-graves
(Frinculeasa et al., 2015; Kaiser and Winger, 2015); North-Central Eu-
ropean ‘Corded Ware’ assemblages are characterised by a specific
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ceramic decoration (Furholt, 2014); Western European ‘Bell Beakers’
are named after the shape of the ceramic vessels found in graves (Nicolis,
2001; Vander Linden, 2007).

One of the most common criteria used to distinguish *Corded Ware’
graves from ’Bell Beaker’ ones is the orientation of the skeletons in
graves, usually East-West versus North-South in Continental Europe
(Heise, 2016; Vander Linden, 2024; Wentink, 2020). However, graves
are complex, irregular objects that are rarely scaled and oriented in
publications. Graves are destroyed during excavations and cannot be
digitized retroactively, making the use of legacy resources such as cat-
alogues essential. The findings are frequently reported in the form of
technical drawings and photographs, accompanied by descriptions
written following a variety of professional standards in different lan-
guages. Unlike artefacts, graves are typically assigned a name or burial
number, enabling querying of image and text in publications.

The funerary record from the third millennium BCE appears to be a
strong candidate for the challenge of developing an automated workflow
that requires only minimal input from researchers to digitise large
datasets recording rich, numerical annotation. On this testing ground,
we evaluate the research results along several dimensions; object
detection is evaluated in terms of standard metrics; the workflow is
evaluated by means of metrics quantifying automated versus manual
steps for (a subset of) our dataset; correctness and productivity (us-
ability) of the workflow, as supported by the AutArch software, is eval-
uated by a user study, which also covers comparison with standard
practices (such as Inkscape for measuring graves).

1.5. Online resources

For reproducibility, the paper is complemented with online resources
(Supplementary Material S1). We provide an easy-to-use copy of
AutArch with all publicly available assets under: https://zenodo.
org/records/15231814. This version includes the database, but not the
supporting PDF images, which are protected by copyright. Please con-
tact us if you have any questions regarding the operation of the software.
The complete AutArch source code is available in the following GitHub
repository: https://github.com/kevin-klein/AutArch.

2. Materials and methods
2.1. Object detection

2.1.1. General object detection setup

In image processing, two types of neural networks with different
purposes are commonly used: object detection, and classification
(Supplementary Material SI 2). Classification assigns an object, such as
an image of a skeleton, to a predefined number of labelled classes, such
as ‘supine’ or ‘flexed on left side’, to describe the pose of the skeleton in
the grave. Object detection networks, on the other hand, output a list of
bounding boxes with a label for each of them. Each bounding box cor-
responds to a specific object detected in the image.

Models need to be trained to accurately perform the desired task. For
supervised training of a model, one needs a training dataset, a loss
function and an optimiser. In our case, the training dataset consists of
images of objects that were manually labelled and that the algorithm
learns to recapitulate. We use two different types of models in our
application. We decided to use RetinaNet, because it is currently the best
performing object detection network available in PyTorch (Lin et al.,
2017; Zhang et al., 2020). Other implementations were not considered
due to potential future maintenance issues. The exact choice of object
detection network is not integral to the AutArch workflow. We also
provide other trained model data as alternatives to RetinaNet in the
GitHub repository. Other implementations might be preferred for
practical reasons, such as deployment targets. The second network is
Resnet (residual neural network) (He et al., 2016), which consists mostly
of stacked convolutional layers, a common architecture for image
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classification networks, and represents a significant improvement over
previous networks mostly as it introduced shortcut connections.

2.1.2. Object detection for graves in legacy sources

Documents in PDF format were converted into images and then were
fed into RetinaNet trained with a set of archaeological drawings
(Supplementary Material SI 2). This results in a list of bounding boxes
with labels for each page. These labels include “grave”, “skeleton”,
“scale” and “north arrow”, among others. These bounding boxes
encapsulate the relevant object as shown on the page (Fig. 2). On their
own, the objects detected in individual bounding boxes are of little use
to archaeologists. Different classes of objects have to be combined to
represent measurable and interpretable entities. This means that graves
have to be connected with their respective scales, north arrows, cross
sections, artefacts and possible skeletons contained within the grave.

While the object detection network is trained to detect both vectorised
images and photographs of graves and artefacts, important aspects of
AutArch, such as outline extraction, are not currently optimised to work
with warped objects in photographs. Therefore we recommend using
AutArch on nadir images taken at a 90-degree angle to the ground with lens
distortion correction. Heavily edited photographs of artefacts, produced in
a controlled environment with good lighting, high resolution, high contrast,
such as those described in section 4.1.3, should yield similarly good results.

To create fully annotated graves, the algorithm first combines all
graves on a page. The nearest north arrow, scale and cross-section are
assigned to each grave, using the Euclidean distance measured from the
centre of the bounding boxes. These objects can be assigned to multiple
graves at the same time. All skeletons and artefacts within the bounding
box of the grave are then assigned to it.

0,
Obj. 2633 gre( 1 00.0 %)
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Fig. 2. Example of the object detection result for one page of catalogue, here:
Corded Ware site of Vlinéves (Dobes and Limbursky, 2013), Czech Republic.
Results for North arrows were excluded for better visibility.
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Table 1
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Number of annotated objects in the primary dataset per class and image quality (see Supplementary Material SI 3 for the list of references used as training dataset).

Class label Object Count Scanned hand-drawn images Scanned digital images Digital illustrations
Arrow 532 160 118 254
Artefact 535 342 99 94
Ceramic 615 132 128 355
Grave 376 72 82 222
Grave Artefact 207 8 26 173
Grave Cross Section 240 44 19 177
Grave Photo 122 4 2 116
Map 59 9 11 39
Scale 905 236 155 514
Shaft Axe 121 2 111 8
Skeleton 404 146 91 167
Skeleton Photo 52 6 0 46
Stone Tool 346 112 180 54
Text 850 174 116 560

Scales have to be further processed to parse the information they
encode. For this, we devised a method using the contours of the
bounding box and OCR (optical character recognition) with Tesseract
(Smith, 2007) (Supplementary Material SI 2). Tesseract was used for
this purpose, because it was the only open source OCR solution that had
a ready-to-use ruby binding (da Silva, 2023) with the rails backend.
Commercial alternatives were not considered at this stage, because of
the scope of the AutArch project and its ambition to make any software
available under a non-restrictive licence. The contour analyser calcu-
lates the length of the scale, while we use OCR to determine the factor
for conversion from pixels into real-world distance. The text associated
with the scale, usually a number with a length unit, is extracted, and
then the software tries to determine the unit of measurement, such as
centimetre or metre.

The north arrows are analysed using a Resnet-152 (He et al., 2016)
residual neural network that retrieves their angle. This network has been
trained in an unsupervised manner as opposed to other neural networks
discussed here. For further details, see Supplementary Material SI 2.
Resnet-152 was preferred, because of its popularity ensuring widespread
use (Jeevan and Sethi, 2024). It is one of the neural networks officially
supported by PyTorch (ResNet, 2017) and it uses an updated architec-
ture to improve its performance (NVIDIA, 2023).

The contours of objects are extracted in the same manner as scales.
Then the largest contour is selected using the length of its arc. This
outline is used to calculate the area, width, length and rotation of the
burial. The area is retrieved using the OpenCV contourArea function.
Width and length are created by first obtaining the bounding rectangle
using minAreaRect (OpenCV). By definition, the width is the shorter side
of the rectangle and length is the longer side. The angle is also derived
from the bounding rectangle. The poses of skeletons are classified with
Resnet-152.

Several challenges arose when using the aforementioned method on
a wide variety of publications. Occasionally, objects are incorrectly
assigned to a grave due to proximity. Often this is because multiple
scales are present on the page and the nearest scale belongs to an artefact
instead of a grave. False negatives can also occur, leading other objects
to be incorrectly grouped with a grave, such as north arrows belonging
to a different drawing on the same page. In such cases, a domain expert
must make manual changes as needed (see 4.3). Manually redrawing a
contour reduces the speed of the overall process by a few seconds. The
process has been designed to be as familiar as possible to users using
hermite splines, as used in common vector drawing software.

A list of all graves in a publication is automatically generated once
the process is complete. Each entry must subsequently be manually
validated.

2.2. Datasets

The primary dataset is the one for detecting graves and objects
therein. Two derived datasets are also considered — they deal with
skeleton pose and arrow-type classification for skeletons and arrows
detected via the primary dataset.

2.2.1. Object detection training dataset

As a primary dataset, we used catalogues of third millennium BCE
graves, which we manually annotated for object detection using labellmg
(labellmg, 2018) (Supplementary Material SI 3). In total, 391 pages
were annotated (Table 1). The quality and detail of the annotated ma-
terial range from high-resolution digital catalogues, such as those pub-
lished for the sites of Vlinéves in the Czech Republic (Dobes and
Limbursky, 2013; Limbursky, 2012), to lower-quality book scans and
even hand-drawn notes from southeast European and Russian excava-
tions. The corresponding archaeological sites are shown in Fig. 3.

Each page of these documents was converted to an image and
randomly sampled. At first, we annotated all pages with drawings from
four publications for the initial proof of concept (Dobes and Limbursky,
2013; Limbursky, 2012; Langova, 2009; Dobes et al., 2011). For the
extended dataset, a random sample was used and a manual selection was
done to maximise the number of pages containing relevant drawings.

2.3. Other datasets

The datasets used for the training of the skeleton pose and arrow
classification are further documented in Supplementary Material S2.

3. The Al-assisted workflow
3.1. Workflow steps

The full semi-automated workflow for annotation consists of eight
distinct steps — with appropriate support by the graphical user interface
of the AutArch software.

Step 1. Basic grave information. The ID assigned to the burial by the
authors in the source publication is recorded. In case multiple images of
the same grave are shown, the software will prevent duplicates in the
results using this ID. In this step, the expert also has the option to discard
drawings incorrectly classified as a grave.

Step 2. Site. Optionally a grave can be assigned to an archaeological
site. Sites are identified by their general location and name.



K. Klein et al.

Journal of Archaeological Science 179 (2025) 106244

Lougas et al. 2016

Kostyleva & Utkin 2010 Gadzvackava 1976

(rainov 1964

Vikletice_ Viinéves
Lauda-Konigshofen

°Mondelange

Blejoi
Aricestii Rahtivani

ast

\RLt.:.iesti
*=Smeeni

Moara Vlasiai | "~

Gurbanesti

K
Krainov 1963
fr

Faifert 2014

Ivanova & Toshchev 2015

Ciulnita

Fig. 3. Map of sites used in training (drawn with Matplotlib Basemap Toolkit 1.3.8 and Python 3.11; background is a display shaded relief image from http://www.

shadedrelief.com).

Step 3. Tags. A grave can be assigned arbitrary tags for filtering
purposes.

Step 4. Correcting bounding boxes. The user can manually add, remove
or change the bounding box assigned to a specific grave. Potential tasks
include selecting a different scale on the page, resizing bounding boxes
because they do not fully encapsulate an object or marking north arrows
that were initially missed by object detection. During this step, a manual
arrow has to be drawn for every skeleton following the spine and
pointing towards the skull, which is necessary to determine the orien-
tation of the skeleton in the grave. Several automated steps are then
performed. The contours are calculated using the new bounding boxes
and the resulting changes in measurements are saved. The orientation of
the north arrow and the deposition type of the skeleton are updated
using their respective neural network. The analysis of the scale is per-
formed again.

Step 5. Contour validation. All detected outlines in relation to one
particular grave are highlighted, allowing the user, if any issue arises, to
return to the previous step and fit, for instance, a manual bounding box
around the grave or cross-section to indicate the width, length or depth.

Step 6. Scale information. The next step is to validate the scale by
checking the text indicating the real-world length of the scale. Once this
step is completed, all measurements are updated with the new scale
information. In case no individual scale is provided and the publication
uses a fixed scale, e.g. all drawings are 1:20, a different screen is shown.
In this screen, the actual height of the page (in cm) has to be entered

manually, together with the ratio of the drawing. This way, all mea-
surements can be calculated in the absence of a scale and the results are
fully compatible with scaled publications.

Step 7. North arrow orientation. The angle of the north arrow can be
adjusted manually based on a preview. In case an arrow is missing in the
drawing, this screen will be skipped and size measurements and con-
tours will still be collected without the orientation.

Step 8. Skeleton pose. Finally, the pose of all skeletons has to be vali-
dated, which (for now) consists of “unknown”, “flexed on the side” or
“supine”. As described above, a neural network will set the initial body
position, but it can be adjusted manually. Further positions could easily
be added in the future. “Unknown” is used in cases where skeletal re-
mains are visible, but no position can be identified.

3.2. Manual validation and adjustment

The workflow is supported by a graphical user interface (as part of
the AutArch software) that allows manual correction of the annotations
obtained through the automated process described above. Although our
automatic approach is accurate for most publications, validation and
potential manual correction by a domain expert are essential to maxi-
mise the reliability of the archaeological annotations. The graphical
interface is a web application that is useable on a wide variety of devices
including mobile devices. While the initial focus was on drawings of
graves, artefacts, such as arrowheads, can be analysed with minor
modifications, as demonstrated in 4.1.3.
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workflow, and the achievable user experience. The data related to this
evaluation is published as part of the online resources (Supplementary
Material S1).

4.1. Data analytics and visualisation

Besides the step-by-step workflow, the AutArch software also sup-
ports data analytics and visualisation of summary data for multiple
graves or publications in terms of the orientation of skeletons or the
geometry of outlines. Our method of aggregating archaeological data is
tailored towards supporting the creation of uniform assemblages. Pub-
lications are visualized as a whole with a variety of charts. Several
publications can be compared in the software. In this case, the data is
usually presented in the same chart and is assigned a specific colour that
is consistent through different visualisations. All data points are linked
to their respective burials and can be navigated.

4.1.1. Orientation of skeletons

AutArch performs descriptive statistical analysis for data visualisation
purposes. The workflow can automatically generate scientific maps
showing the distribution of attributes, such as the orientation of skeletons
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Fig. 6. Elliptical Fourier analyses of a sample of grave cuts from Vlinéves
extracted using AutArch. (a) PCA of the EFA coefficients of Corded Ware and
Bell Beaker grave cuts, created using PyEFD and matplotlib; (b) Reconstructed
approximation of grave shapes using elliptical Fourier descriptors, plotted along
the same axes as in a, in increments of 0.05, with data converted from AutArch
to PAST format in Python; (c) Closed contours of Corded Ware and Bell Beaker
graves, created using Matplotlib.
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in graves using radial charts (Fig. 5). For instance, when comparing
burials attributed to the ‘Corded Ware’ (Dobes and Limbursky, 2013)
culture at Vlinéves with those attributed to the ‘Bell Beaker’ (Limbursky,
2012), we observe differences in the orientation of the skeletons (Fig. 5).

4.1.2. Geometry of grave outlines

Outlines of graves can be stacked, scaled and oriented using AutArch
to visualise their shape (Fig. 6). Drawings that have no automatically
detectable outline and use the manual bounding box instead are
excluded here. We compared 109 grave outlines automatically extrac-
ted, scaled, and oriented from Vlinéves using AutArch, including 78
Corded Ware (Dobes and Limbursky, 2013) and 31 Bell Beaker graves
(Limbursky, 2012). Elliptical Fourier Analysis (EFA) was conducted with
these outlines with 20 harmonics projected onto two dimensions using a
Principal Components Analysis (PCA). The orientation of Corded Ware
and Bell Beaker graves are noticeably different in Fig. 6¢c, as already
discussed above. However, an EFA, invariant to orientation, shows that
there is no discernible difference in outline shape between Corded Ware
and Bell Beaker graves at these sites (Fig. 6a), underscoring their close
cultural affinity (Furholt, 2020).

4.1.3. Geometry of artefact outlines

To demonstrate the potential generalisability of AutArch beyond the
study of graves, we provide a test in the Supplementary Materials on the
program’s ability to extract artefact outlines. There have already been a
number of recent attempts at automating parts of the artefact outline
extraction process. Some, like Lithics3D (Pop, 2019), Artefact3-D
(Grosman, 2016; Grosman et al., 2022), and CEAM (Muller et al.,
2024) require 3D scans as input, which means they are, for now, con-
strained by the time and cost of 3D scanning, precluding big data ap-
proaches. Other programs, like outlineR (Matzig et al., 2021), PyLithics
(Gellis et al., 2022), and PyREnArA (Maier et al., 2023), extract outlines
from 2D images. The vast quantity of published illustrations available
makes these methods more scalable and prone to big data methods.
PyREnArA and outlineR focus on automating steps of shape analysis, but
involve time-consuming pre-processing steps. Meanwhile, PyLithics
automates parts of the outline extraction process for stone tools, but
involves artefacts drawn following specific illustration conventions.
Although this allows a great deal of information to be extracted,
including scar sizes and directions, our goal here is to extract larger
amounts of commensurate data from more diverse sources. For now, we
mainly extract outlines, but can do so for all illustrated archaeological
material, not just lithics and not just artefacts. Given the diversity of
illustration conventions, even within a class of artefacts, there is a need
for methods that can process images irrespective of archaeological ma-
terial, a task that Al-assisted workflows are well suited to address. While
other workflows offer ways of automating some analysis steps, they first
require manual processing steps, many of which are automated by
AutArch, which also automatically identifies the visualized objects in the
first place. Yet, as these different software each tackle different portions
of the extraction and analysis workflow, they can be used together to
address specific samples (e.g. PyLithics) or different steps of analysis (e.
g. PyREnArA or OutlineR). The choice to use these different software
comes down to the sample one wants to analyse. AutArch is suited for
those seeking to automatically identify, extract, scale, orient, and mea-
sure visualizations of any archaeological material.

We tested the potential of AutArch’s outline extraction process on a large
sample of arrowheads presented by Nicolas (2016) (Supplementary Ma-
terial SI 5). We replicate the findings of Nicolas (2016), as well as those
subsequently quantified by Matzig et al. (2021), who both found that the
arrowheads of the Neolithic and Bronze Age of Northwest Europe show
strong spatiotemporal patterning (supplementary figure 3). The extracted
arrowhead outlines derive from both photographs and illustrations, of
varying resolutions, backgrounds, and illustration conventions, demon-
strating the versatility of the object detection and outline extraction method.
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Fig. 7. Burial orientations based on 100 Corded Ware graves and 66 Bell Beaker graves with skeletons that have a discernible orientation from the Czech Republic
analysed with AutArch. Binary differentiation assuming distinct burial orientations for females and males (Vander Linden, 2006; Heise, 2016; Bourgeois and Kroon,
2017; Gaydarska et al., 2023; Wentink, 2020) was made with k-means using 2 centroids (red dots); silhouette score (Rousseeuw, 1987) for Bell Beaker: 0.78, Corded
Ware: 0.68. The angle was calculated using the circular mean. Body figure drawings adapted from Bourgeois and Kroon, 2017. (For interpretation of the references to
colour in this figure legend, the reader is referred to the Web version of this article.)

4.1.4. Implications for the archaeology of third millennium BCE Europe

The reliability of expert classifications, such as ‘Corded Ware’ and
‘Bell Beaker’ can be validated using grave and artefact shape variations.
The focus on shape obviously limits the scope of this study to one aspect
of the objects. However, it nonetheless provides wholly neutral data,
stripped of all context and interpretation. As demonstrated in Fig. 6,
grave outlines are relatively simple shapes and do not show much
variation when projected on PCA axes, supporting notions of a ‘Single
Grave Burial Ritual’ (Furholt, 2020). For artefact analysis, we have for
now applied AutArch on the arrowheads of the Neolithic and Bronze Age
(Supplementary Figure 3). Artefacts like arrowheads and backed arte-
facts are among those most amenable to these sorts of analyses, as their
shape in plan-view holds technological (de Azevedo et al., 2014;
Gonzalez-José and Charlin, 2012), functional (Buchanan et al., 2012;
Tovita, 2011), and cultural (Timbrell et al., 2023; Tsirintoulaki et al.,
2023; Matzig et al., 2021; Way et al., 2022) significance. Yet, AutArch
could equally be applied to any number of artefact types. Further iter-
ations of AutArch will help move away from our current interpretative
dependency on expert classifications of cultural labels by archaeologists
and have the potential to create new, empirically-meaningful and sta-
tistically robust, ‘prehistoric’ taxonomies (Riede et al., 2019) for third
millennium BCE Europe and beyond through machine learning.

For example, our study confirms the existence of binary oppositions
in body orientation within *Corded Ware’ and ’Bell Beaker’ graves of the
Czech Republic, which conform as predicted in 1.4 to overall East-West
versus North-South orientation patterns (Fig. 7). Exact angles, derived
directly from the drawings, are provided for each of these categories,
improving on previous classifications based on expert knowledge or data
extracted from tables. The current picture overlooks significant
individual and regional differences, such as those between Bohemia and
Moravia (Fig. 5), which can now be accurately captured using AutArch.
The prospect for archaeology is to move from expert-made maps of the
burial record in third millennium BCE Europe, such as those produced
by Hausler (1976) and more recently Furholt (2021) to visually convey
information about prehistoric cultures, to scientific ones based on
large-scale data, collected in a consistent manner.

4.2. Evaluation of object detection by metrics

To evaluate the software’s ability to detect graves in archaeological
publications, we performed a qualitative analysis on publications, which
cover both related and different archaeological periods compared to our
training dataset, including European Early Neolithic, Chalcolithic and
Early Bronze Age graves.

As Supplementary Table 1 illustrates, object detection performed
perfectly for two of the four publications analysed, whereas there were
false positives and negatives (i.e., incorrectly detected or missed graves)
affecting approximately 1/4 of the total number of graves for the two
remaining publications. It is worth noting that the current training
dataset of just 391 pages is rather small when compared to other
commonly used datasets such as COCO 40. Additional training will
further improve the object detection rate.

4.3. Evaluation of workflow by metrics

Asan estimation of the necessary manual work, we tracked all changes
that needed to be performed to process Wiodarczak (2018) using AutArch
(also mentioned in supplementary table 1). Only steps that could have
been correctly performed by the automated step have been recorded. All
graves were correctly detected in Wiodarczak (2018), so no manual
marking of burials was necessary in a separate previous step.

As Supplementary Table 2 illustrates, the automation of the different
workflow steps occasionally fails, requiring manual assistance. For this
sample, approximately three manual corrections are required per grave on
average. Still, the guided workflow and the tool support for performing such
manual adjustments further contribute to productivity and consistency.

4.4. Evaluation by user study

To evaluate the correctness and potential productivity benefits of the
software and the workflow, we invited 10 participants to perform small
computing tasks for 90 min at the Anthropological Institute of Johannes
Gutenberg University Mainz. This user study demonstrates that our Al-
assisted workflow was significantly faster and less prone to errors than
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Fig. 8. Results of the user study. See Supplementary Figs. 1-2 for a breakdown
of the results per user.

manual measurement using drawing software (Fig. 8). We expect this
effect to become more pronounced the longer these tasks are performed,
due to the onset of mental fatigue. Supplementary Material S4 has
complete details about the experiment.

5. Conclusions
5.1. Summary

We have presented a new Al-supported workflow to tackle the
challenge of large-scale archaeological data collection. Our approach
improves the speed and accuracy of manual methods via the use of Al-
based object detection and image processing, as well as the use of a
software-based workflow (AutArch). Also, our shape-related measure-
ments of width, length and depth of burial pits are collected in a
standardised manner, allowing the performance of meta-analyses across
different publications. Our approach also increases the precision of
measured angles to assess the orientation of skeletons and burial pits.
Furthermore, the automated detection of contours can speed-up geo-
metric analyses of a range of archaeological materials, demonstrated
here with arrowheads.

The emerging database will allow for composite queries over all
recorded attributes, such as burials within specific dimensions, with
specific orientations or with a certain number of skeletons, as well as
artefacts of certain sizes or shapes.

5.2. Future work

To enable and encourage wider use, we plan to deploy AutArch on a
server with web access and a service-level agreement (SLA) that is
acceptable for research purposes. Since the input drawings are technical
in nature, representing factual data rather than creative choices, they do
not fall under copyright law. The EU directive 2019/790 of the Euro-
pean Parliament and of the Council of April 17, 2019 on copyright and
related rights in the Digital Single Market and amending Directives 96/
9/EC and 2001/29/EC provides a legal framework for data mining sci-
entific publications. Other countries such as the UK provide comparable
fair use copyright exceptions for non-commercial research (Intellectual
Protection Office, 2014). The Al-assisted workflow will be shared with
the community through an open science collaborative online platform,
allowing continuous integration of material and cross-validation of
studies relying on the integrated materials. Longer term, we plan to
expand the method’s coverage in terms of archaeological objects and
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forms of processing, especially integrating NLP to combine information
from images and text. Workshops and seminars devoted to complete
case studies will help to reach critical mass and exploit the method for
new research questions.

There is huge potential to improve data collection in archaeology for
other objects beside graves and arrowheads, including but not limited to
buildings, ecofacts, ceramics, metal tools and weapons. AutArch could
be used as an excavation analysis tool in commercial archaeology. Even
large amounts of unpublished hand drawings could be analysed and
integrated into a database. A new standard for documenting archaeo-
logical features, like graves, might need to be created to ease in-
tegrations with software that can automatically digitise handwritten
documentation.

Applying our method to other aspects of material culture, for
instance, ceramic ware, would require a broader set of attributes. These
would include, for instance, the fabric and surface treatment. Published
text might contain further information, but its analysis will be a future
task. Analysing the text of publications using established statistical NLP
(Bateman and Jeffrey, 2011; Jeffrey et al., 2009; Brandsen et al., 2022,
2023; Wright et al., 2023) or incorporating text into image classification
using multimodal AI (Singh et al., 2021) provide opportunities for more
efficient and extensive data collection. This could also improve the
current aspects of the workflow. For example, by combining textual
information about burial measurements, the plausibility of the assign-
ment of specific arrows or scales to burials could be checked. Named
entity recognition could also be used to extract information from the text
that accompanies images. This has already been used to analyse field
reports (Brandsen et al., 2022) and could automatically ascribe
archaeological features and artefacts to sites, periods, and cultures.

Our software uses well established high performance neural net-
works that work well with most existing and even older hardware. There
have been significant advances in two areas of machine learning: more
performant hardware and better performing networks (Dean, 2022).
TPUs (tensor processing units) offer a significant improvement over
conventional CPUs or GPUs for machine learning use cases. Newer
network architectures, such as Vision Transformers (Dosovitskiy et al.,
2020; Dai et al., 2021; Chen et al., 2022) have greatly increased per-
formance, compared to Resnet-152 or RetinaNet used in our application.
Those improvements would reduce the number of manual corrections
needed (Supplementary Table 2).

An ethical risk of introducing AutArch to a wider audience is the
potential automation of repetitive jobs by Al such as database entry and
curation, typically performed by paid trainees and technicians. This risk
is present in all sectors where Al is being deployed. However, AutArch
requires a human agent to manually validate database entries. In theory,
the Al-assisted workflow should make the recording process signifi-
cantly less tedious, freeing up time for more creative tasks like literature
search, data analysis and interpretation.
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Video
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