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ABSTRACT

Recent advancements in remote sensing and artificial intelligence can potentially revolutionize the automated detection of ar-
chaeological sites. However, the challenging task of interpreting remote sensing imagery combined with the intricate shapes
of archaeological sites can hinder the performance of computer vision systems. This work presents a computer vision system
trained for efficient hillfort detection in remote sensing imagery. Equipped with an adapted multimodal semantic segmentation
model, the system integrates LIDAR-derived LRM images and aerial orthoimages for feature fusion, generating a binary mask
pinpointing detected hillforts. Post-processing includes margin and area filters to remove edge inferences and smaller anoma-
lies. The resulting inferences are subjected to hard positive and negative mining, where expert archaeologists classify them to
populate the training data with new samples for retraining the segmentation model. As the computer vision system is far more
likely to encounter background images during its search, the training data are intentionally biased towards negative examples.
This approach aims to reduce the number of false positives, typically seen when applying machine learning solutions to remote
sensing imagery. Northwest Iberia experiments witnessed a drastic reduction in false positives, from 5678 to 40 after a single
hard positive and negative mining iteration, yielding a 99.3% reduction, with a resulting F, score of 66%. In England experiments,
the system achieved a 59% F, score when fine-tuned and deployed countrywide. Its scalability to diverse archaeological sites is
demonstrated by successfully detecting hillforts and other types of enclosures despite their typical complex and varied shapes.
Future work will explore archaeological predictive modelling to identify regions with higher archaeological potential to focus the

search, addressing processing time challenges.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the original work is
properly cited.
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1 | Introduction

The application of machine learning for the detection of au-
tomated archaeological features in remote sensing data has
a growing track record (Argyrou and Agapiou 2022; Camara
et al. 2023; Davis 2020; Fiorucci et al. 2020). Deep learning algo-
rithms are currently at the forefront of this field, encompassing
object detection and semantic segmentation tasks (Casini et al.
2023; Guyot et al. 2021). However, their effectiveness is depen-
dent on large training datasets and significant computational
resources (Fiorucci et al. 2022; Karamitrou et al. 2022; Kazimi
and Sester 2023; Olivier and Verschoof-van der Vaart 2021).
These techniques have successfully identified various archae-
ological features with varying morphologies, even consider-
ing ephemeral archaeological remains (Davis 2021). However,
burial mounds are often the primary target due to their consis-
tent rounded shape (Berganzo-Besga et al. 2021; Canedo et al.
2023; Cerrillo-Cuenca 2017; Orengo et al. 2020; Verschoof-van
der Vaart and Lambers 2022). Furthermore, complex archaeo-
logical features with intricate shapes, such as enclosures, pose a
significant challenge for these methods, particularly due to the
prevalence of similar shapes in the landscape, increasing the
likelihood of many false positives. In terms of this, promising
research has already been conducted in hillforts, offering good
insight into future advancements (Landauer and Verschoof-van
der Vaart 2021; Landauer et al. 2023).

Landauer and Verschoof-van der Vaart (2021) introduced a
computer vision system that consists of a convolutional neu-
ral network (CNN) for the automated detection of complex ar-
chaeological features, focusing on hillforts from England as
a case study. The authors selected light detection and ranging
(LiDAR)-derived digital surface models of England as their pri-
mary dataset. An interesting aspect of their approach lies in the
building of their training dataset. Specifically, the authors in-
tentionally biased the training dataset towards negative samples
(non-hillforts) due to the low probability of encountering them
when scanning through the data. This deliberate bias aims to
align CNN more closely with real-world scenarios. Additionally,
the authors employed data augmentation to mitigate centre bias,
ensuring that CNN does not expect hillforts to always be in the
centre of the image, as their dataset comprised cropped images
centred around hillforts. The CNN was then trained for image
classification, assessing the likelihood that each cropped image
contained a hillfort. Three different regions with varying typol-
ogies in England were fed to CNN, resulting in 306 inferences
out of a total of 20 600 images. This highlights that the CNN
makes approximately one inference per 67 images, a notable
achievement considering the challenges posed by aerial imagery
and hillforts’ diverse and intricate shapes. However, the authors
note that a significant number of these 306 inferences were ul-
timately identified as false positives during remote verification.
This not only highlights the difficulty of detecting these com-
plex archaeological sites in aerial imagery but also illustrates the
challenges facing CNN in detecting hillforts with diverse typol-
ogies across different landscapes. In a following work, Landauer
et al. (2023) introduced the concept of fine-tuning CNN before
deploying it in other countries with distinct site typologies and
landscapes. Furthermore, the authors proposed a web applica-
tion named HillfortFinderApp (Landauer) to disseminate their
findings and approach to the scientific community.

This work builds on existing research and proposes an alter-
native approach for automatically detecting hillforts in remote
sensing imagery. The approach utilizes a deep multimodal
segmentation model and was tested using archaeological and
geospatial data from Alto Minho (Portugal), Galicia (Spain)
and England (United Kingdom). In contrast to the image clas-
sification method proposed by Landauer and Verschoof-van der
Vaart (2021) and Landauer et al. (2023), or even object detection
approaches, this work suggests addressing the task of detect-
ing hillforts through segmentation. This suggestion is mainly
related to accurately delineating irregular shapes like hillforts
during annotation, and the consequent impact on the model's
learning process (Fontana 2022; Murrugarra-Llerena, Kirsten,
and Jung 2022). Annotating with masks allows for a precise
understanding of the exact shape of hillforts, which will better
guide the model during training. Additionally, segmentation re-
duces ambiguity compared with image classification and object
detection methods. Cropped images and bounding boxes might
encompass a large area of background information, particularly
when the annotated instance has an irregular shape, which can
negatively impact the model's learning process. Masks, however,
address this issue by accurately delineating hillforts without in-
troducing unnecessary information to the annotation.

The main novelty of this work lies in its comprehensive methodol-
ogy that is discussed in Section 2. Starting with how the datasets
are pre-processed and generated, followed by the early fusion of
local relief models (LRMs) and orthoimages. This approach aims
to replicate the multi-data analysis of expert archaeologists during
digital surveys. The methodology also introduces margin and area
filters to reduce false positives and bridges archaeological exper-
tise and artificial intelligence through hard positive and negative
mining. Additionally, a major contribution of this study is its large
scope. Experiments were conducted in three different areas, each
with its own site typologies and landscapes, requiring adaptations
to address these differences. The conclusions derived from these
varied contexts further enhance the study's impact on the field.

This document is organized as follows: Section 2 outlines the
methodology. Section 3 presents the results. Section 4 discusses
the results and provides additional information about the con-
ducted work, and Section 5 formulates the concluding remarks.

2 | Methodology

Figure 1 summarizes the computer vision system proposed that
will be discussed in this section.

Based on findings from the literature (Section 1) and previous
experiments, many false positives are inevitable when machine
learning algorithms are implemented on remote sensing images
to detect archaeological sites. This is particularly true in cases
where archaeological sites of interest exhibit complex and vary-
ing shapes, as is often the case with hillforts (Fontana 2022;
Landauer et al. 2023; Landauer and Verschoof-van der
Vaart 2021). Similar morphologies, natural or artificial, are com-
monly found in the landscape and are not necessarily hillforts.
This is an additional difficulty, as machine learning models will
struggle to distinguish hillforts from other similar landscape
shapes. These structures often have common features, which
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FIGURE1 | Proposed computer vision system. [Colour figure can be viewed at wileyonlinelibrary.com]

Hillforts annotation
e  Alto Minho (n 138)

e  Galicia (n 450)

FIGURE 2 | LRMs and respective annotations. Alto Minho and Galicia on the left, England on the right. [Colour figure can be viewed at

wileyonlinelibrary.com]

inevitably puts them near the decision boundary. Therefore, the
main challenge of this particular task is to reduce as many false
positives as possible while keeping the detected true positives.

With only a few exceptions, the works reported in the literature
typically use a single data type to detect archaeological sites
(Berganzo-Besga et al. 2021). This data type commonly results
from the application of visualization techniques to LiDAR-
derived digital terrain models (DTMs) (Bennett et al. 2012;
Guyot, Lennon, and Hubert-Moy 2021; Kokalj and Somrak 2019;
Stular et al. 2012). LiDAR technology offers a significant advan-
tage over other aerial data collection methods, namely, its abil-
ity to penetrate vegetation cover and, as such, to create highly
accurate DTM of the bare earth below, potentially revealing
archaeological sites hidden beneath the canopy (Stular, Lozi¢,

and Eichert 2021; Vinci et al. 2024). Although this represents a
significant advantage, DTMs only provide visualization of mi-
crotopography, lacking other types of information and features,
crucial to identifying archaeological sites and distinguishing
them from other similar shapes in the landscape. Therefore, it is
hypothesized that, similarly to archaeologists mapping archae-
ological sites in LiDAR data, machine learning models would
also benefit from having access to multiple data types when
faced with the same problem. In this work, the early fusion
technique (Tziafas and Kasaei 2023) is proposed, which involves
two types of data: LRMs generated from LiDAR-derived DTMs
(Hesse 2010) and aerial orthoimages. By performing a fusion be-
tween these two data types, the rich information and features
provided by the orthoimages can be expected to complement
and contextualize the microtopographies depicted in the LRMs.
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This work used airborne LiDAR data covering the Alto Minho
region (=2 points per square meter, ~2220 km?) in northern
Portugal provided by the Comunidade Intermunicipal do Alto
Minho, Galicia (~0.5 points per square meter, ~30 000 km?) in
Spain provided by Instituto Geografico Nacional (IGN)-Plan

Nacional de Ortofotografia Aérea (PNOA), as well as England (x2
points per square meter, ~130 000 km?) provided by Environment
Agency National LIDAR Programme. From the classified LIDAR
point clouds, 1-m DTMs were generated, to which LRMs were ap-
plied to create greater contrast in the visualization of the positive

Algorithm 1 Pseudocode for the dataset generation algorithm.

processed_hillforts =[]
for annotations do
if annotation not in processed_hillforts then
generate cropping window coordinates
for cropping window coordinates do
crop LRMimage
if hillforts visibility == 100% then

WMS request to obtain the corresponding orthoimage

store LRM image, orthoimage, and corresponding annotations

append stored annotations to processed_hillforts
end if
end for
end if

end for

LRM Image

Orthoimage

Adapted CMX

FIGURE 4 | The margin filtering process removes inferences of partially visible objects. On the left, the margin filter discarded a false positive

inference (shown in red) because its IoU with the margin region exceeds 0.5. On the right, a true positive inference (shown in green) was retained as

its ToU with the margin region is 0. [Colour figure can be viewed at wileyonlinelibrary.com]
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(walls and ramparts) and negative (ditches) archaeological micro-
topographies of the hillforts on a local scale. Two expert archae-
ologists (Fonte J. and Menendez Marsh F.) manually annotated
the full extent of some of the known hillforts as polygons in Alto
Minho (N =138) and Galicia (N =450). The dataset Atlas of
Hillforts of Britain and Ireland (Lock and Ralston 2022), which
comprises 4147 entries, was considered for this work. Figure 2
illustrates the LRMs and annotations explored in this work.

Because LRMs are essentially large images, an image process-
ing algorithm was developed to divide them into smaller images
with a resolution of 800x800 pixels, creating a conventional
dataset for machine learning. This algorithm iterates over the
annotated hillforts and creates a list of top left coordinates of
a cropping window with a resolution of 800x800 pixels around
them, respecting the following equations:

width width
XPoints = [Xmax - 2 ’Xmin P ]
height height @
Ypoints = | tmax— 2’ mint D)
Xoins Xmaw Ymin and Y, are the extremities of the annotation,

and the width and height are set to 800x800 pixels. Next, the
algorithm shuffles this list and iterates through it to crop LRM
images around the current hillfort being processed. The hill-
forts depicted in the cropped image must be fully visible, and
the algorithm aims to avoid cropping images that contain previ-
ously stored hillforts. Then, a Web Map Service (WMS) request
is made to obtain the orthoimage. The LRM image, orthoimage
and the corresponding annotations are stored, and the algo-
rithm proceeds to the next hillfort. The pseudocode of the data-
set generation algorithm is provided in Algorithm 1.

The semantic segmentation model used in this work was an adap-
tation of the cross-modal fusion for RGB-X Semantic Segmentation
with Transformers (CMX) (Liu; Zhang et al. 2023) proposed by
Zhang et al. This model uses transformer technology (Dosovitskiy
et al. 2020), which was originally developed for natural lan-
guage processing. This technology offers several advantages over

TABLE1 | Dataset generated by Algorithm 1.

Set Images Hillforts
Training 530 533
Validation 59 60

—— Training loss

0 5 10 15 20
Epochs

conventional CNNs. It requires substantially fewer computa-
tional resources to train and can capture global dependencies in
the image by splitting it into patches and using the self-attention
mechanism. This allows for the consideration of relationships
between distant pixels or regions, which is imperative in tasks
where the global context of the image matters. As the name im-
plies, CMX is a semantic segmentation model developed to per-
form an early fusion between two modalities: red, green and blue
(RGB) and other arbitrary ones, referred to as X-modality. To en-
sure effective generalization across diverse modalities, the authors
proposed a cross-modal feature rectification module to calibrate
bimodal features by using features from one modality to rectify
those of the other. Rectified feature pairs are then processed by
a feature fusion module to facilitate extensive exchange of long-
range contexts before integration. Because CMX was initially de-
veloped for multiclass segmentation, certain modifications were
made to enable binary segmentation. Figure 3 illustrates the data
types used in this work and the potential segmentation output.

Although data fusion typically improves performance, remote
sensing imagery remains challenging and requires additional
considerations to address the associated false positive prob-
lem. Therefore, hard positive and negative mining (Davis et al.
2021; Schneider et al. 2015; Tang et al. 2017) are proposed. The
hypothesis is that by augmenting the original training data,
which was used to train the segmentation model, with false
positives and true positives, and then retraining the model, it
will gradually improve its ability to distinguish hillforts from
other similar shapes in the landscape. This approach was
inspired by a work conducted by Olivier and Verschoof-van
der Vaart (2021), where they added negative examples (back-
ground images and no objects of interest) to their dataset, with
the final goal of reducing false positives.

Furthermore, the training data were deliberately biased to-
wards negative examples. This approach was inspired by a work
conducted by Landauer and Verschoof-van der Vaart (2021).
Although this might appear counter-intuitive, it serves a spe-
cific purpose: in deployment, the segmentation model is far
more likely to encounter negative examples than hillforts. This
is because during deployment, the segmentation model needs to
sweep through tiles covering vast regions to search for hillforts.
As a result, the vast majority of the data it processes does not
contain these archaeological sites.

For deployment, several considerations were made to enhance
the overall performance of the proposed solution. The adapted

0.8

0.7

loU

0.6 4
0.5 4
0.4 / —— Mean loU

—— Hillfort loU
—— Background loU

0.3

0 5 10 15 20
Epochs

FIGURES5 | Trainingresults of the adapted CMX model on the original dataset. Training loss and validation IoU, respectively. [Colour figure can

be viewed at wileyonlinelibrary.com]
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CMX must process pairs of LRMs and orthoimages covering as
many regions as required by the user. This translates to image
processing where a sliding window scans through the LRM tiles.
Using the coordinates of the sliding window, a WMS request is
made to obtain the corresponding orthoimage. The proposed
window step is set to 1/2, ensuring that a hypothetical site is
fully visible to the algorithm at least once. The union operation
is then applied to handle overlapping inferences. In addition,
the area of these inferences is calculated, and a minimum area
threshold is applied to remove smaller, noisy inferences that are
not coherent with typical hillfort dimensions. Another crucial
improvement to remove potential false positives was achieved
by establishing a region along the image's margins with a width
of 50 pixels. Any inference with an intersection over union (IoU)
greater than 0.5 with this region is removed. This process en-
sures the elimination of inferences of partially visible objects sit-
uated on the image margins, which are often indicative of false
positives. Figure 4 illustrates this process.

TABLE 2 | Analysis of the images and corresponding inferences
generated by the original model on unused data.

Negative Positive
Images examples examples Uncertain
4462 4042 127 293

TABLE 3 | Refined dataset obtained by hard positive and negative
mining.

Set Images Hillforts Background Images
Training 4281 648 3637
Validation 477 73 405

—— Training loss

0 5 10 15 20 25 30 35 40 45
Epochs

3 | Results

Several experiments were conducted to validate the proposed
computer vision system to detect hillforts in remote sensing
imagery. The following subsections provide detailed descrip-
tions of these experiments. Any digital validation conducted
by expert archaeologists was supported by multiple data types
which helped them categorize each inference as true posi-
tive, false positive, or uncertain. Additionally, the training of
the adapted CMX model was performed with the following
parameters:

Binary classification: hillfort or background

Backbone: SegFormer (b2-sized) (Xie et al. 2021)

Initial weights: pre-trained weights from ImageNet-1k
(Deng et al. 2009)

Optimizer: AdamW (Loshchilov and Hutter 2017)

Learning rate: 6e-5

Weight decay: 0.01

Momentum: 0.9

Batch size: 1

Epochs: 25 or 50

The best weights are saved based on the mean IoU. Training was
performed on the following hardware:

» GPU: Nvidia GeForce RTX 3080 10 GB GDDR6X
« CPU: AMD Ryzen 5 5600X 6-Core 3.7GHz

0.8

0.6

loU

0.4 |

0.2 | —— Mean loU
—— Hillfort loU
| —— Background loU

0 5 10 15 20 25 30 35 40 45
Epochs

FIGURE 6 | Training results of the adapted CMX model on the refined dataset. Training loss and validation IoU, respectively. [Colour figure can

be viewed at wileyonlinelibrary.com]

TABLE 4 | Inferences on the testing region.

Model Inferences True positives False positives False negatives
Original model 5687 9 5678 0
Refined model 49 9 40 0

TABLE 5 | Digital validation of inferences generated by the refined model.

True positives Potential true positives

False positives False negatives

15 9

25 0
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3.1 | Northwest Iberia

The first experiment was conducted using the available LiDAR
data for the Alto Minho region, in the north of Portugal, and
for the Galicia region, in Spain. As described in Section 2, the

TABLE 6 | Precision, recall and F, score of the digital validation in
PNPG.

Precision Recall F, score

0.49 1.00 0.66

LRMs were generated from the LiDAR-derived DTMs (di-
vided into four tiles for Alto Minho and 87 for Galicia), both
with 1-m spatial resolution. Dire¢do Geral do Territério 25 cm
orthophotos from 2021 (DONP 2021) and IGN-PNOA 25 cm
orthophotos from 2020 (PNOA 2020) were used for the RGB
modality in Alto Minho and Galicia, respectively. It was de-
cided to use the Parque Nacional da Peneda-Gerés (PNPG)
area for testing, corresponding to the eastern tile of the Alto
Minho region. Algorithm 1 used the remaining data to gener-
ate a conventional dataset. Table 1 summarizes the original
dataset from this work.

® Annotated hillforts Alto Minho
Validation PNPG

@ Uncertain

O Negative

@ Positive

D Testing area

), I8N, aind the ©IS

FIGURE 7 | Alto Minho and the respective testing area: PNPG. The blue points represent the annotations, and the remaining points represent

classifications done by the archaeologists. [Colour figure can be viewed at wileyonlinelibrary.com]

O Negatwe
@ Fosiive

,lr Al inferences PNPG
S AN

Validation PNPG

@ Uncertain

O Negaive

1 P

7 B [ winterences e

A m
Gt ————

53

FIGURE 8 | Digital validation in PNPG. The points represent the classifications done by the archaeologists, and the blue polygons represent the

inferences. [Colour figure can be viewed at wileyonlinelibrary.com]
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Following the methodology described in Section 2, it is hy-
pothesized that by biasing the training data towards negative
examples, the model will enhance its ability to distinguish hill-
forts from similar landscape shapes. However, in order to ac-
quire high-quality positive and negative examples, the aim is
not simply to select them randomly. Instead, the approach in-
volves training a model on the original dataset, applying it to
unused data, and incorporating images containing true posi-
tive and false positive inferences into the dataset. This process
is essentially the hard positive and negative mining depicted in
Figure 1. Figure 5 illustrates the training results of the adapted
CMX model on the original dataset.

Let us refer to this model as the original model. As discussed in
previous sections, this model is expected to produce a significant

TABLE 7 | Analysis of the images and corresponding inferences
generated by the refined model on four LRM tiles from England.

Negative Positive
Images examples examples Uncertain
256 188 45 23

TABLE 8 | Dataset obtained by hard positive and negative mining
on four LRM tiles from England.

Set Images Hillforts Background images
Training 209 40 169
Validation 24 5 19
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number of false positives. The model was deployed in randomly
cropped images from unused data from Alto Minho and Galicia,
except for the PNPG area (~534 km?), which is reserved for test-
ing. An expert archaeologist then analysed the resulting images
and corresponding inferences before populating the original
dataset with new samples. The analysis is shown in Table 2.

Negative examples refer to images containing false positive
inferences, positive examples refer to images containing true
positive inferences, and uncertain refers to images where the
inferences were not clear enough to be classified with cer-
tainty. Following this, the negative and positive examples
were used to populate the original dataset. Table 3 summa-
rizes the refined dataset.

Figure 6 illustrates the training results of the adapted CMX
model on the refined dataset.

Let us refer to this model as the refined model. Both models, orig-
inal and refined, were deployed in the testing region with nine
annotated hillforts, as shown in Figure 1. Table 4 illustrates the
number of inferences per model in the testing region.

As observed, the refined model reduced the number of false
positives in 99.3% while retaining the true positives. Two expert
archaeologists (Fonte J., Hipolito J.) digitally validated the in-
ferences of the refined model, as it was believed that some of
the false positives could actually be hillforts that were not orig-
inally annotated. Table 5 illustrates the results of the digital
validation, according to which, of the 40 false positives that the
refined model identified, only 25 were actually false positives.

’ —— Mean loU
’ —— Hillfort lou
04 | —— Background lou

0 5 10 15 20
Epochs

FIGURE9 | Fine-tuning results of the adapted CMX model on the English data: training loss and validation IoU, respectively. [Colour figure can

be viewed at wileyonlinelibrary.com]

®  Atlas of Hilforts of Sritin and Irelr

FIGURE 10 | Examples of Atlas points not representing the exact locations of hillforts: with offsets of 103 and 212 m, respectively. [Colour figure

can be viewed at wileyonlinelibrary.com]
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Furthermore, it appears that the model identified six hillforts
that had not been initially annotated and nine potential hillforts.

Table 6 presents the precision, recall and F, score obtained
when grouping the potential true positives and the true positives
classifications.

Figure 7 illustrates Alto Minho and the respective testing area,
and Figure 8 illustrates some inferences generated by the re-
fined model in PNPG.

3.2 | England

Thesecond experimentaimstodemonstrate the adaptability of the
refined model discussed in Section 3.1 by applying it in England,
which features a completely different landscape and even hill-
fort typology. Geospatial Commission Aerial Photography Great
Britain 25 cm orthophotos (Bluesky International Limited and
Getmapping Plc 2023) were used for the RGB modality. Four
LRM tiles out of 232 covering England were selected to generate
a dataset for fine-tuning the refined model to the new landscape
and hillfort typology. The same hard positive and negative min-
ing process was conducted by deploying the refined model on the
selected tiles and having an archaeologist analyse the generated
inferences. The results are shown in Table 7.

Negative examples refer to images containing false positive infer-
ences, positive examples refer to images containing true positive
inferences, and uncertain refers to images where the inferences
were not clear enough to be classified with certainty. Following
this, the negative and positive examples were used to create the
dataset. Table 8 shows the created dataset.

Figure 9 illustrates the training results of the adapted CMX
model on this dataset.

The computer vision system was tested on the 232 LRM tiles
and orthoimages, following the pipeline shown in Figure 1.
Given the substantial amount of LiDAR-derived data, totaling
over 600 GB, a high-performance computing (HPC) system was

TABLE 9 | Inferencesin England.

utilized for processing. The HPC system consisted of two Nvidia
GeForce RTX 3090 GPUs (10 GB GDDR6X each) and an AMD
Ryzen 7 5800X processor (8 cores, 3.7 GHz). The processing took
approximately 30 days due to the slow WMS service and the
sliding window step of 1/2. In a production environment, imple-
menting a caching mechanism could reduce the processing time
to a week or less. The generated inferences were compared with
the Atlas of Hillforts of Britain and Ireland dataset. As the Atlas
represents the locations of known hillforts as points, inferences
were classified as true positives, false positives, or false negatives
based on whether the points overlapped with the inferences.
However, some points in the Atlas are offset by a considerable
distance from the actual location of the hillforts, as illustrated
in Figure 10. In addition, some inferences only partially detected
the full extent of the hillforts.

A buffer of 300 m was applied to each inference to mitigate this
problem. Finally, inferences that overlapped with points from
the Atlas of Hillforts dataset were considered true positives,
inferences with no overlapping points were considered false
positives, and isolated points were considered false negatives.
Table 9 illustrates the results.

Similarly to Section 3.1, three expert archaeologists (Fonte JI.,
Dias R. and Pereiro T.) digitally validated some of the inferences.
Based on the Atlas of Hillforts dataset, areas in northern, west-
ern, southwestern and southern England were selected for their
significant clusters of hillforts. The analysis identified potential
false negatives, where no hillfort in the Atlas of Hillforts data-
set was visually identified in the LRM tiles or orthoimages, and
potential false positives, which could represent previously un-
known hillforts or other types of enclosures. Because 232 LRM
tiles cover England, validating all of them would be a daunting
task. Therefore, it was decided to validate the inferences within
34 tiles (~15% of the total) as a compromise between human re-
sources and the margin of error. This resulted in 1461 validated
inferences, which is approximately 18% of the total inferences.
Table 10 illustrates the results of the digital validation in England.

Table 11 presents the values of the precision, recall and F, score
obtained when grouping the potential true positives and the true

TABLE 11 | Precision, recall and F, score of the digital validation

in England.
True False False
Inferences positives positives negatives Precision Recall F, score
8113 675 7438 578 0.45 0.84 0.59
TABLE 10 | Digital validation of inferences generated in England.
Validated True Potential true False False
Region inferences positives positives positives negatives
Northern England 353 108 95 150 170
Western England 276 57 63 156 30
Southwestern England 564 88 170 306 53
Southern England 268 25 56 187 14
Total 1461 278 384 799 267
9of 15

RIGHTSE LI MN iy

85U8017 SUOWIIOD BAIIE8.D 8| (dde 8Ly Aq peusenob ae seoile YO 8sn JO S9N 10} A%eug18U1|UO 8|1 UO (SUONIPUOD-PUB-SWISI W0 A8 | 1M AleIq Ul UO//SANY) SUONIPUOD pue sWiB 1 84} 89S *[720z/0T/2z] Uo Areiqiaulluo A8|im ‘aAeb|y oa spepsieAlun Aq 856T de/zZ00T OT/10p/w0o Ae | Arelq1jeuljuo//sdiy woiy papeojumod ‘0 ‘€920660T


https://onlinelibrary.wiley.com/action/rightsLink?doi=10.1002%2Farp.1958&mode=

Validation England

e Atlas of Hillforts of Britain and Ireland

g
ool
<)
3
@
o
o
E
=
8
S
3
=
B
El
=
2
g
2
8
ES
g
=
o
[
8
I
L
=]
=}
a
©
g
c
3.
<
*
Q.
=
g
o
S
pd
Q
2
<
o
s
e
o
e
3
o
g
[}
5
N
N
=3
K
N
Q
2
=4
@
s}
ol
3
:
o
o
2
=3
E
?
2
B
2
S
S
=
-3
g
L
=
g
2
3
]

Soures: Bsrl, Mesear, GooBys, Barthsiar Coogkrshiles, ENES/AbYs DS, USDA,
USGS, AsraGRID, IGN, and the GIS Usar Communiyy

FIGURE 11 | Digital validation in England. [Colour figure can be viewed at wileyonlinelibrary.com]
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positives classifications. It also accounts for the fact that only
126 out of the 267 false negatives were visible in both LRMs and
aerial orthoimages. Figure 11 illustrates the inferences and re-
gions in England that were validated.

To understand the factors contributing to the model's
errors and identify potential strategies to improve its perfor-
mance in the future, false positives were analysed and classi-
fied during the digital validation process. Table 12 shows this
analysis.

Figure 12 illustrates some examples of the digital validation.

4 | Discussion

One of the main goals of this work was to reduce the frequent
occurrence of false positives when applying machine learn-
ing models to remote sensing imagery to detect archaeolog-
ical sites. Hillforts are characterized by their intricate and
diverse shape, often mistaken for similar landscape features,
either through human observation or artificial intelligence
analysis. The initial hypothesis proposed that combining
LiDAR-derived LRMs and aerial optical images through
data fusion would improve the effectiveness of the machine
learning model. LRMs delineate local microtopographical
changes free of vegetation, thus enhancing the visual contrast
of hillforts’ positive features, such as walls and ramparts, as
well as negative ones, such as ditches. However, aerial opti-
cal imagery captures what is perceptible to the human eye,
providing context to these microtopographies within the real
world. This fusion aims to emulate the approach of expert ar-
chaeologists during digital archaeological surveys, leveraging
these complementary data types. Although this work revolved
around these two data types, it is important to note that there
are several other valid options, such as multispectral and
hyperspectral aerial and satellite imagery (Altaweel et al.
2022; Bachagha et al. 2023; Casini et al. 2023; Chaidron and

TABLE 12 | Analysis of false positives during the digital validation.

False positives Number of instances

Parcel 285
Water reservoir 94
Urban 91
Extraction 88
Geomorphology 60
Park 53
Hydrology 33
Vegetation 29
Agriculture 28
Other 24
Factory 10
Noise 4

Lemernier 2023; Karamitrou et al. 2022; Orengo et al. 2020;
Zimmer-Dauphinee, VanValkenburgh, and Wernke 2024).

The second hypothesis proposed the integration of archaeolog-
ical expertise in the hard positive and negative mining process
(Figure 1). The third and final hypothesis involved biasing
the training data towards negative examples, as the machine
learning model is more likely to encounter negative instances
during the inference process. These two hypotheses should en-
rich the dataset with carefully analysed samples, leading the
machine learning model to significantly reduce the number
of false positives, hence improving its performance. This im-
provement is observed in Table 4, which compares the results
of the computer vision system before and after hard positive
and negative mining. After retraining the segmentation model
with the dataset obtained from hard positive and negative min-
ing, shown in Table 3, the number of false positives in PNPG
was reduced from 5678 to 40, representing a reduction of 99.3%
while keeping the true positives. This is a drastic improvement
with only one iteration of hard positive and negative mining.
The performance of the proposed computer vision system is
expected to keep improving with the following iterations, as
the dataset used to retrain the segmentation model becomes
increasingly refined with new samples analysed by expert
archaeologists.

Although the proposed solution in this work shows promising
results, it is not without its challenges. The first evident chal-
lenge is associated with computational resources, particularly
storage. Geospatial data tends to be heavy, often encompassing
expansive regions. Multimodal approaches involve exploring
various data types from the same regions, which can present
storage challenges. Additionally, training deep learning mod-
els with multiple inputs requires substantial computational re-
sources, mainly GPUs. The second challenge is associated with
the required human resources and time investment of the pro-
posed hard positive and negative mining. The archaeological
analysis of images and corresponding inferences generated by
the computer vision system has to be done manually. Although
software was developed to speed up this process, the visual anal-
ysis of each image and corresponding inferences still needs to be
done by an expert archaeologist. The third challenge is associ-
ated with model generalization and adaptability, which can be
observed in Section 3.2. This section discusses the second exper-
iment of this work, where the computer vision system trained
with Iberian data was applied in England. Given England's
distinct hillfort typology and landscape from Northwest Iberia,
the computer vision system encountered difficulties in per-
forming as effectively as it did in PNPG. These difficulties can
be observed in Table 7, which presents the archaeological anal-
ysis of images and corresponding inferences generated by the
computer vision system trained with Iberian data on four LRM
tiles from England. A small dataset resulted from this analysis,
which was then utilized to fine-tune the segmentation model.
Such fine-tuning is essential when applying machine learning
models in different site typologies and landscapes from those
present in the original dataset. Although retraining the segmen-
tation model with a rich dataset composed solely of data from
England would likely yield even better results than the ones pre-
sented in Tables 10 and 11, fine-tuning the model with a small
dataset is a practical and efficient compromise. It efficiently
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FIGURE 12 | Digital validation in England. The red points represent the Atlas of Hillforts of Britain and Ireland dataset, and the blue polygons
represent the generated inferences. The first line illustrates two hillforts that were not detected out of four, as they were not visible in the LRM or the
orthoimage. The second line illustrates a potential true positive on the left and a false positive on the right. The third line illustrates a true positive
and two potential true positives. The fourth line illustrates four true positives. [Colour figure can be viewed at wileyonlinelibrary.com]
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balances human resources and time investment. However, this
still implies that the segmentation model requires fine-tuning
every time the proposed computer vision system needs to be de-
ployed in regions with different site typologies and landscapes.
The fourth and final challenge is associated with processing
time. As mentioned in Section 3.2, processing England with the
proposed computer vision system took approximately 30 days.
Sweeping through LRM tiles across England with a sliding win-
dow, using a step size of 1/2, and making a WMS request for the
orthoimage for each window, is time-consuming. Implementing
a caching mechanism and focusing the proposed computer vi-
sion system on regions with higher archaeological potential
could significantly reduce processing time. Archaeological
predictive modelling could be explored as a means to identify
these regions, optimizing the deployment of the computer vision
system (Podgorski et al. 2021). Additionally, Table 12 provides
useful insights on what is inducing the computer vision system
in error when searching for hillforts. Based on this information,
the hard positive and negative mining should prioritize intro-
ducing negative examples in the dataset containing these types
of false positives. This should gradually improve the computer
vision system's ability to distinguish between hillforts and these
false positives.

5 | Conclusion

This work introduces a computer vision system designed to ef-
fectively detect hillforts in remote sensing imagery. The system
adapts the multimodal semantic segmentation model proposed
by Zhang et al. (2023). This model requires two modalities, a
LiDAR-derived LRM image and an aerial orthoimage, and per-
forms feature fusion to generate a binary mask highlighting the
detected hillforts. The binary mask undergoes post-processing,
which includes margin and area filters. The margin filter re-
moves inferences at the edges of the image, typically consist-
ing of partially visible objects and probable false positives. The
area filter removes inferences smaller than the average hillfort
size, which are often false positives. Inferences that survive the
filtering process are considered. These inferences can then be
used for hard positive and negative mining, where an expert ar-
chaeologist digitally analyzes them and classifies them as true
positives or false positives. Based on these classifications, the
original dataset can be enriched with more positive and negative
samples. Given that the computer vision system is more likely to
encounter negative samples during the deployment phase, the
training data are intentionally biased towards negative samples.

After only one iteration of hard positive and negative mining,
the results of the Northwest Iberia experiment were drastically
improved, reducing the false positives encountered by the orig-
inal model from 5678 to 40, representing a reduction of 99.3%.
After the digital validation conducted by expert archaeologists,
the achieved F, score for PNPG was 66%. For the next experi-
ment, the computer vision system was tested in England, which
has a different typology and landscape of sites. The segmenta-
tion model was fine-tuned with a small dataset built from four
LRM tiles from England. Then, the computer vision system was
applied to the entire country of England to search for hillforts.
The achieved F, score, based on the Atlas of Hillforts of Britain

and Ireland dataset (Lock and Ralston 2022) and the digital val-
idation by expert archaeologists, was 59%.

The proposed computer vision system is believed to be effec-
tively expanded to other archaeological sites, which has major
implications for archaeological research and cultural heritage
management. This assumption is supported by the demon-
strated effectiveness in detecting hillforts and different types
of enclosure, which often present challenging and complex
shapes. However, certain shortcomings of the proposed com-
puter vision system were discussed, mainly related to human
resources, computational resources and processing time. For
future work, exploring archaeological predictive modelling to
identify regions with higher archaeological potential could en-
able the search to focus within those areas. This focus should
alleviate the shortcomings mentioned above. Additionally,
although fusion techniques generally lead to better results, it
is important to conduct an ablation study to numerically ver-
ify the contribution of using aerial orthoimagery alongside
LRMs. However, due to the extensive scope of the datasets and
the project's time constraints, such a study was not possible
in this work. Future research should also address additional
challenges, including the effect of cropmark seasonality on
detection accuracy, variations in the quality and colour dis-
tribution of aerial orthoimages from different regions, and the
potential use of other data types.
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