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 A B S T R A C T

The need to use machine learning (ML) in archaeology is constantly increasing due to the growing availability 
of large amounts of high-quality airborne laser scanning data (ALS, lidar). The Automatic Detection of 
Archaeological Features (ADAF) tool was developed to provide an easily accessible deep learning (DL) software 
for automating the detection of archaeological features from ALS data. The software has a user interface that 
requires minimal interaction and no prior knowledge of ML techniques, greatly improving accessibility for 
the archaeological community. The underlying ML models (MLMs) have been trained on an extensive archive 
of ALS datasets in Ireland, which have been labelled by experts with three types of archaeological features, 
namely enclosures, ringforts and barrows. The core components of the tool are the Relief Visualisation Toolbox 
(RVT) for processing the ALS data into ML-friendly visualisations and the Artificial Intelligence Toolbox 
for Earth Observation (AiTLAS), which provides access to the DL models, both of which are actively used 
in the field of aerial archaeology. Although developed for detecting selected archaeological monuments in 
Ireland, ADAF supports retraining with data from other regions and other monument types, enabling its 
use in archaeological contexts worldwide. The practical application of the software was tested on an active 
infrastructure development corridor in Ireland. The results showed a promising 84% recall rate for known 
archaeological sites and outperformed human detection by discovering 116 potential new archaeological sites 
that had not been noticed during manual inspection.
1. Introduction

Improving the detection of archaeological sites and remains with 
deep learning algorithms applied to remote sensing data represents 
the most advanced and effective approach to identifying potential new 
archaeological areas not included in the existing archaeological and 
cultural record (Kadhim and Abed, 2023). However, the application 
of deep learning techniques in archaeological prospection is still not 
widely adopted in the archaeological community. This highlights the 
need for rigorous evaluation and refinement of these advanced meth-
ods, as well as the development of accessible and user-friendly frame-
works that can be seamlessly integrated into standard archaeological 
workflows.

The use of ALS (Airborne Laser Scanning) data for archaeological 
surveys has become indispensable in landscape archaeology since its 
introduction more than two decades ago (Challis and Howard, 2006; 
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Challis et al., 2008; Crow et al., 2007; Harmon et al., 2006; Crutchley, 
2009). ALS has allowed a rapid acquisition of extensive landscape data, 
which has significantly improved the identification and documentation 
of archaeological sites and monuments, particularly in advance of new 
infrastructure developments. Today, consulting ALS data is a common 
practice, but it is still mostly limited to manual documentation and 
analysis of archaeology at the site-level, leaving it largely underutilised 
for large-scale analyses (Verschoof-van der Vaart and Lambers, 2021; 
Bennett et al., 2014; Bevan, 2015). While ALS data allow for a broader 
and more comprehensive analysis of landscapes, large amounts of 
data can quickly outpace the human ability to manually analyse it. 
Furthermore, manual analysis is biased towards the expectations, ex-
perience, knowledge and observational skills of the interpreter(s) and 
carries the risk of overlooking or dismissing relevant objects (Cowley, 
2012; Halliday, 2013; Cowley, 2016). To capitalise on this surge of 
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data, a paradigm shift in conventional techniques for the analysis and 
interpretation of ALS data for archaeology is required. Key to this is a 
greater incorporation of computer-aided feature detection methods as 
an effective approach for analysing airborne and satellite data (Bennett 
et al., 2014).

This research develops a streamlined method for analysing ALS 
data using machine learning (ML), in particular convolutional neu-
ral networks (CNNs), for archaeological applications. These methods 
address the challenge of processing large volumes of remote sensing 
data, i.e. at a scale that makes manual analysis impractical, especially 
with limited budgets. By learning to generalise from large sets of 
labelled images rather than relying on manually defined parameters or 
classification rules, ML approaches can reduce both the time and cost 
of traditional processing methods while often providing more accurate 
results. Despite the abundance of remote sensing data from optical 
and radar satellites as well as airborne laser scanning, the availability 
of accurate archaeological reference data remains a significant bottle-
neck (Guyot et al., 2021). Such data is essential for the effective training 
and application of ML algorithms. However, the processes involved in 
collecting, publishing and maintaining labelled archaeological datasets 
are complex and existing inventories still have their limitations when 
it comes to providing large-scale, high-quality references.

In recent years, ML workflows for the automatic detection of ar-
chaeological objects from ALS data have been increasingly adopted 
in research projects. Various studies have explored different CNN 
architectures for classification (Somrak et al., 2020), object detec-
tion (Verschoof-van der Vaart et al., 2020; Trier et al., 2021; Orengo 
et al., 2020; Bonhage et al., 2021; Trier et al., 2018) and semantic 
segmentation approaches (Bundzel et al., 2020; Banasiak et al., 2022; 
Kocev et al., 2022; Wang et al., 2024). A notable limitation of these 
studies is that the CNN methods are usually provided as computer 
code, which is often not user-friendly and therefore not accessible to 
archaeologists with limited or no programming skills. Another draw-
back is that these workflows are often tailored to specific research 
projects, making it difficult to adapt them to new or different datasets. 
For computer code to be reusable, it needs to be easily accessible for 
download and accompanied by comprehensive documentation. This 
includes clear instructions on how to download, install and deploy the 
code, as well as access to the source code itself.

In the paper we present the design process and rationale behind the 
development of The Automatic Detection of Archaeological Features 
(ADAF) tool. The ADAF software was developed through a collabora-
tion between the Research Centre of the Slovenian Academy of Sciences 
and Arts (ZRC SAZU), the Discovery Programme, the Bias Variance Labs 
and Transport Infrastructure Ireland (TII). Although the underlying ML 
models rely heavily on a high-quality training dataset, this dataset 
is not described or analysed in detail here. Rather, the creation and 
comprehensive documentation of this dataset will be the subject of a 
dedicated data paper that is currently in preparation. In this paper, we 
focus on the development of the ADAF tool itself and the rationale 
behind the design decisions. We make the entire ADAF workflow 
(source code) openly accessible in line with the principles of Open 
Science and FAIR (Findable, Accessible, Interoperable, Reusable) data 
management. By addressing both technical and user-friendly challenges 
in the application of ML to archaeological data, this work contributes to 
the standardisation of detection methodologies and lowers the barriers 
to the broader adoption of ML technologies in archaeological practice.

2. Background

Airborne laser scanning (ALS) has become a pivotal source of high-
resolution topographic data in archaeology, enabling detailed docu-
mentation of landscapes and the identification of archaeological fea-
tures with unprecedented precision (Bennett et al., 2025). However, 
the growing volume and complexity of ALS data demand scalable, 
consistent and efficient analytical methods (Verschoof-van der Vaart 
2 
and Lambers, 2019). Deep learning, a subfield of machine learning, has 
emerged as a transformative tool for analysis of ALS data, with growing 
application in archaeological research (Fiorucci et al., 2020; Kadhim 
and Abed, 2023). Among the various ML techniques, convolutional 
neural networks (CNNs) have demonstrated particular effectiveness for 
spatial and visual analysis of ALS-derived data (Ball et al., 2017). 
Yet, despite their potential, CNNs are still not commonly used in 
archaeological practice (Kadhim and Abed, 2023).

To ensure wider adoption of these promising techniques, it is es-
sential to address several key challenges that currently hinder their 
integration into archaeological practice. These include the preparation 
of machine learning-ready datasets, the technical complexity of config-
uring and training ML models and the need for accessible, user-friendly 
tools that can be easily learned and integrated into existing archaeolog-
ical workflows. Overcoming these barriers requires the development 
of tailored software solutions designed specifically for archaeological 
applications.

Firstly, preparing input data suitable for ML workflows is a complex 
challenge (Kokalj and Somrak, 2019). It includes converting datasets 
such as ALS point clouds or digital elevation models (DEM) into formats 
that ML algorithms can process effectively. This requires pre-processing 
steps such as changing the range of pixel values, handling missing or 
unavailable data and ensuring consistent DEM quality across different 
datasets. In addition, archaeological datasets often lack comprehensive 
labelling, necessitating the creation of reference data or annotations for 
training of ML models. Although labour-intensive, this step is critical 
for supervised learning approaches.

Secondly, the development of suitable ML models involves navi-
gating a range of technical tasks, from selecting and implementing 
appropriate CNN architectures to optimising hyperparameters, manag-
ing limited training data and mitigating overfitting (Ball et al., 2017). In 
most cases, end users do not have the programming or ML expertise to 
address these tasks independently. As a result, the effective application 
of ML in archaeology remains largely confined to collaborations with 
ML specialists or custom-made solutions developed within individual 
research projects.

Finally, there is currently no free, specialised software that supports 
end-to-end machine learning workflows tailored to archaeological re-
search. Existing geographic information systems (GIS), such as ArcGIS 
Pro, offer built-in deep learning tools for geospatial analysis that can be 
integrated into archaeological workflows (Fylaktos et al., 2025). While 
ArcGIS Pro is user-friendly, it provides only a limited range of machine 
learning methods and still requires users to independently prepare data, 
select appropriate models and fine-tune hyperparameters. Moreover, 
being proprietary software with expensive licence costs can restrict 
accessibility for researchers and hinder the reproducibility of results, 
presenting challenges for academic and open science contexts.

ML improves traditional workflows by automating the manual (ex-
pensive and time-consuming) detection of archaeological features in 
remote sensing data. However, despite their transformative poten-
tial, ML results must be considered as approximations. As Cowley 
(2012) noted, archaeology needs to move away from a fixation on 
the correctness of individual identifications and begin to view overall 
patterns as descriptive. Accepting a higher rate of false positives can 
prevent the oversight of important archaeological features (Cowley 
et al., 2020). Canuto et al. (2018) found that human experts missed 
approximately fifteen per cent of objects in a study of ancient Maya 
settlements. Similarly, Verschoof-van der Vaart and Lambers (2021) 
reported that when reviewing sites based on ML results, additional ar-
chaeological features were discovered that had been missed by manual 
and automated analyses. These findings underscore the complementary 
nature of ML and human expertise, especially when it comes to address-
ing areas of uncertainty and leveraging ML results for improved manual 
analysis.

To address these challenges, the archaeological community needs to 
develop open access tools that are consistent with the principles of open 
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Fig. 1. Schematic representation of the ADAF workflow.
science and FAIR data management. These tools should (i) provide au-
tomated workflows for preparation of ML-ready data for archaeology, 
(ii) supply training datasets and pretrained ML models for detecting 
various archaeological features in landscapes from remote sensing data 
(e.g., ALS, satellite imagery, UAV-based surveys) and (iii) strive to 
provide user-friendly interfaces for non-experts. Furthermore, there is a 
pressing need for standardised methods and the creation of high-quality 
datasets. While ML methods are not a complete replacement for human 
expertise, they are becoming a powerful addition to the archaeologist’s 
toolbox.

3. ADAF toolbox

3.1. Overall philosophy and design choices

The ADAF software has been developed with a particular focus on 
user accessibility. It offers not only an open source set of programming 
code and functions, but also a practical tool with a graphical user 
interface (GUI) (Čož et al., 2025a). This GUI captures all required 
input parameters and executes the chosen processing method, making 
ADAF a more intuitive alternative to many existing CNN-based ALS 
analysis workflows in archaeology. While studies such as Verschoof-van 
der Vaart et al. (2020), Verschoof-van der Vaart and Landauer (2021) 
offer similar workflows, their models usually require a familiarity with 
programming and a basic understanding of ML methods. Although their 
approach is effective for research purposes, such software often fails to 
integrate into practical workflows outside of academic environments. 
In contrast, the user-friendly design of ADAF aims to bridge this gap 
and make a tool based on CNNs accessible for wider application in 
archaeology.

Automatic detection of land features in ALS data using ML is a 
complex task that requires the development of a robust workflow. This 
workflow must be both user-friendly and capable of delivering accurate 
and reliable results. To create a state of the art product, many different 
software libraries, processing methods and quality controls had to 
be integrated into a single program, with a carefully designed user 
interface that unifies these components into a coherent and seamless 
processing tool.

ADAF was developed in Python 3 and relies on two Python libraries: 
the Relief Visualisation Toolbox Python library (RVT_py) (Kokalj and 
Somrak, 2019; Kokalj et al., 2024) and the Artificial Intelligence Tool-
box for Earth Observation (AiTLAS) (Dimitrovski et al., 2023). The tool 
follows a workflow similar to those commonly used in landscape ar-
chaeology, such as Verschoof-van der Vaart et al. (2020), Bonhage et al. 
(2021), Maxwell et al. (2020), Altaweel et al. (2022), Küçükdemirci 
et al. (2023), Soroush et al. (2020) and progresses from the input 
of ALS data to the generation of detection polygons (Fig.  1). The 
first step involves pre-processing the ALS data to ensure compatibility 
with machine learning models (MLM). In the second step, inference 
of the selected MLM creates probability maps that highlight potential 
archaeological objects. In the final step, post-processing vectorises the 
results and minimises false-positive detections by removing objects that 
do not meet the user-defined constraints (see Section 3.4 for a more 
detailed description).

The main purpose of ADAF is to enable finding new archaeological 
sites with object detection and semantic segmentation MLMs. Although 
the software offers the possibility to retrain these models, retraining 
was intentionally excluded from the graphical user interface (GUI) to 
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keep it simple. The ADAF GitHub repository provides dedicated Jupyter 
notebooks that facilitate the retraining process.

Two different approaches to retraining MLMs are supported. The 
first is to update an existing MLM, i.e. to improve an already trained 
ADAF model by incorporating additional training data and thus in-
creasing its predictive performance. The second approach is to train 
a completely new MLM. Although this method does not use existing 
ADAF models, the training process does not start entirely from scratch 
either. Instead, the pretrained weights, such as ImageNet (Simon et al., 
2016), available in the AiTLAS toolbox are used to accelerate and 
optimise the initial stages of training.

Detailed procedures and instructions for the retraining process fall 
beyond the scope of this article and are documented in detail in the 
software manual (Čož et al., 2025b). It is important to emphasise 
that the configuration of training the models for new areas requires 
both a considerable amount of expertise in ML and access to high 
quality, accurately labelled training data (e.g. archaeological DEMs 
with annotated archaeological sites), both of which can be difficult 
to obtain. In addition, the computational demands of training MLMs 
require computers equipped with high-end GPUs.

ADAF is designed to run efficiently on standard Windows 64-bit 
systems and is therefore accessible to the majority of users. It operates 
optimally on machines running Windows 10 or 11 and requires the 
Anaconda platform with Python 3.9 distribution. A minimum of 16 GB 
RAM and an NVMe SSD drive are recommended for smooth data 
handling and faster read/write operations. Although ADAF can run 
without a dedicated GPUs, an NVIDIA CUDA-enabled GPU is preferred 
for executing large-scale analyses. For example, using a standard laptop 
without GPU, the tool performs inference over one square kilometre of 
data at 0.5 m resolution in under one minute.

3.2. Inputs and outputs

The software works with any type of a DEM as input, but for best 
results the user is advised to prepare the ALS data as an archaeology-
specific DEM, the so-called Digital Feature Model (DFM) (Pingel et al., 
2015). It combines terrain data with archaeologically relevant micro-
relief features such as standing walls and stones, roads, canals, earth-
works and includes modern buildings for contextual interpretation (Štu-
lar et al., 2021). As DFMs are created in a specialised, computationally 
intensive way, a good alternative is to create a DEM by rasterising point 
clouds with existing classification information for terrain and buildings.

The code has been prepared to handle small and large DEMs and 
allows the user to select any file in a Tagged Image File Format (TIFF) 
or GDAL Virtual Format (VRT) - standard file formats for rasterised 
elevation data. The best results are achieved with input files that have 
a similar raster quality to the datasets used in training, i.e. DFMs with a 
spatial resolution of 0.5m when using the default ADAF MLMs. If more 
than one file is selected, the software assumes that each file is a separate 
dataset and performs the inference for each file individually. If the files 
are in fact tiles of the same dataset, the user has the option to activate 
the on-the-fly creation of a virtual mosaic (VRT). The final results 
generated by ADAF are polygons representing the detected archaeolog-
ical objects, stored in a GeoPackage format (an open, non-proprietary, 
platform-independent and standards-based vector file) compatible with 
most geographic information systems (GIS). When multiple classes of 
archaeological objects (e.g. any combination of barrows, enclosures, 
ringforts and all archaeology) are selected for processing, the resulting 
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Fig. 2. Comparison of results from an object detection model (top) and 
a semantic segmentation model (bottom) applied to ALS-derived data for 
archaeological feature detection. The background image is a Combined Vi-
sualisation for Archaeological Topography (VAT) generated using the rvt_py 
Python library.

polygons are consolidated into a single vector file. Within this file, 
a label attribute is included to differentiate between the different 
archaeological classes, so that the user can easily distinguish between 
the different object types within the same dataset. The output has the 
same format regardless of the ML method selected. The only difference 
is that object detection creates rectangular bounding boxes around 
the detected objects, while semantic segmentation provides detailed 
outlines of the objects (Fig.  2).

3.3. ML-ready ALS data for Irish archaeology

The ML-ready ALS data for Irish archaeology (hereafter referred to 
as ML-ALS-IE dataset) was a cornerstone of the Automatic Detection 
of Archaeological Features Machine Learning Project, the aim of which 
was to facilitate the development of MLMs for automated archaeologi-
cal detection. This dataset leverages an extensive archive of point cloud 
data provided by Transport Infrastructure Ireland (TII) and combines it 
with comprehensive archaeological reference data to create a robust 
resource for ML training. The training dataset consists of more than 
23,000 samples in total. These samples, known as patches, consist of 
an image tile with labelled data, including segmentation masks and 
bounding boxes for object detection.

The TII point cloud dataset consists of over 200 ALS and photog-
rammetry-derived DFMs, ranging in file size from 100 MB to 50 GB 
and covering different parts of Ireland. Fig.  3 shows the geographical 
distribution of acquisitions across Ireland and illustrates the spatial ex-
tent of the dataset. The individual datasets varied considerably in terms 
of quality and spatial resolution, so a rigorous standardisation process 
was required to ensure consistency for ML applications. The differences 
in acquisition methods, point density, and data processing approaches 
meant that the point cloud data had to be carefully reprocessed and 
rasterised. To achieve this, datasets were homogenised and rasterised 
to a standard resolution of 0.5 m to ensure consistency in all subsequent 
analyses. The DFMs were created using the Triangular Irregular Net-
work (TIN) method, which is particularly suited to the gently sloping 
landscapes of Ireland. This approach ensures compatibility between 
existing and potentially newly acquired ALS datasets and provides a 
uniform structure that facilitates ML training and analysis.
4 
Fig. 3. Geographical extent of ALS datasets provided by TII (red). The test 
area for the practical application is just south of Limerick (yellow).

The digitisation of the relevant archaeological feature types (bar-
rows, enclosures and ringforts) was anchored in the known monuments 
from the Irish Sites and Monuments Record (SMR) — a database 
curated by the Archaeological Survey of Ireland (ASI) that contains 
details of more than 138,800 archaeological monuments in Ireland and 
is regularly updated to reflect new discoveries and revisions (DCHG, 
2023). The three monument types were selected based on a set of 
defined criteria (Fig.  4) which took into account their clearly defined 
morphological characteristics, their frequency in the Irish landscape 
and their suitability for ALS-based detection. Enclosures and ringforts 
are among the most numerous monument types in Ireland, providing 
a large enough dataset for ML training. Barrows, which are less com-
mon, were augmented by including barrows from the UK to create a 
more representative dataset (Historic England, 2025). The digitisation 
process focused on the visible archaeological features evident in the 
DFMs. Polygons were carefully delineated to capture the full extent of 
each monument. Several attributes for each polygon were also captured 
including: the classification of the quality of the underlying DFM data, 
if the monument features displayed evidence of truncation and if the 
monuments are multivallate in form. These attributes would enable 
the filtering during ML training. This resulted in a total of 10,718 
segmentation polygons.

Prior to tiling, the DFMs were converted to an ML-compatible image 
format to improve feature visibility and standardise the data for train-
ing. The dataset was then divided into patches by placing a uniform 
grid over the DFMs, with grid offsets applied to ensure a diverse 
set of training examples. This produced samples with both full and 
partial monuments, serving as a form of data augmentation, providing 
different spatial contexts and fragmentations of the same feature types. 
The digitised polygons were used to generate labelled data for each 
patch. The tile size was set at 512 pixels (256m × 256m) to achieve 
an optimal balance between archaeological feature representation and 
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Fig. 4. Decision tree outlining the criteria used to select monument types suitable for machine learning-based detection from ALS data. The associated monument 
type criterion refers to cases where multiple discrete records of the same monument type are present, e.g. ‘Cross’ and ‘Church’.
Fig. 5. Overview of the ADAF processing workflow, showing the three main stages: pre-processing (visualisation and tiling of ALS data), machine learning 
inference (detection of archaeological features) and post-processing (vectorisation and filtering of results).
computational efficiency. This tile size allowed for complete capture 
of the selected archaeological monument types while retaining enough 
contextual information for ML training.

3.4. User-friendly machine learning process

In the context of ADAF software, the processing workflow (Fig.  5) is 
divided into three main specialised steps, each with several important 
sub-steps:

Step 1. Pre-processing, which includes computing visualisations from 
DEMs and creating ML-ready data patches for inference (i.e. de-
tection).

Step 2. Inference, which utilises the developed MLMs for detection of 
archaeological features.

Step 3. Post-processing, which includes methods to improve detection 
rates and remove obvious false positive detections.
5 
3.4.1. Pre-processing
The task of the pre-processing module is to convert the input data 

into the correct format for the ML module. This includes calculating 
the required visualisation from the DEM, adapting the pixel values to 
the expected range for ML (e.g. normalisation or linear stretching) and 
dividing the data set into ML-ready tiles.

Although the primary type of input data are DEMs, the MLMs 
were trained on a DEM derivative called Simple Local Relief Model 
(SLRM), a commonly used type of relief visualisation in landscape 
archaeology (Fig.  6). The SLRM removes large-scale morphological 
elements (e.g. hills, valleys) from the data, leaving only small-scale 
features (Hesse, 2010). Other visualisations were also tested during 
the development of ADAF. However, the SLRM provided consistently 
robust results across different MLMs and had the added benefit of 
requiring minimal computational effort, thus reducing both processing 
time and computer memory usage.

The SLRM images are generated with RVT_py, running the SLRM 
visualisation function (Kokalj et al., 2024). The radius for trend assess-
ment is set to 10m, a value that is effective at isolating the small-scale 
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Fig. 6. Comparison between DEM with local dynamic range adjustments and 
1 percent min/max clipping (top) and SLRM visualisation for ADAF (bottom).

Table 1
Parameters used in the pre-processing step for generating ML-ready Simple 
Local Relief Model (SLRM) visualisation. These include settings for trend 
assessment, value clipping, histogram stretching and handling of missing data.
 Radius for trend assessment (m) 10  
 Linear histogram stretch (m) [−0.5, 0.5] 
 Normalisation [0, 1]  
 Value of ‘‘nodata’’ and ‘‘nan’’ pixels 0  

morphological signals relevant for detection of archaeological features 
in the ML-ALS-IE dataset. A linear histogram stretch and normalisation 
of the SLRM are then applied, and nodata values are set to zero, as 
required by the ML algorithm. The pre-processing methods and their 
parameter values are listed in Table  1.

The dataset is automatically divided into smaller tiles to optimise 
processing efficiency. The tiling routine calculates the maximum buffer 
required for seamless results and trims the raster back to the original 
size after processing. The data is then divided into square tiles of 512 
pixels. Although ML processing can support any tile size based on 
powers of two (e.g. 64, 128, 256, 512, 1024), our analysis has shown 
that a tile size of 512 pixels provides the best balance between memory 
usage, processing speed and detection performance.

3.4.2. Machine learning models
The core functionality of the ADAF software relies on trained MLMs 

developed through a rigorous evaluation and refinement process using 
the AiTLAS framework (Dimitrovski et al., 2023). The aim was to 
identify the best performing models for the automatic detection of 
archaeological features from ALS-derived data.

The development process involved exploring different visualisations 
for training samples, filtering samples based on their quality, applying 
data augmentation techniques and adjusting image sizes. A compre-
hensive analysis of different Deep Neural Network (DNN) architectures 
was conducted. Several state-of-the-art deep learning models for seman-
tic segmentation and object detection were evaluated under identical 
training conditions. As a result of testing, the HRNet architecture (Wang 
et al., 2020) was selected for semantic segmentation and Faster R-
CNN (Ren et al., 2015) was chosen for object detection. For each 
architecture, a dedicated model was trained for each of the four detec-
tion classes (barrows, enclosures, ringforts and all combined), resulting 
in a total of eight individual machine learning models.
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Table 2
Percentage of samples in the validation and test subsets.
 Train Validation Test 
 Barrows 65 18 17  
 Enclosures 63 17 20  
 Ringforts 64 16 20  

Table 3
Mean Average Precision (mAP) performance metric for the default ADAF 
model for object detection (i.e., Faster R-CNN) and Intersection-over-Union 
(IoU) performance metric of the default ADAF model for semantic segmenta-
tion (i.e., HRNet).
 Faster R-CNN HRNet 
 Enclosures 0.325 0.282  
 Ringforts 0.715 0.575  
 Barrows 0.594 0.504  
 ‘‘All archaeology’’ 0.613 0.584  

A set of 23,100 labelled image patches was used in training of 
MLMs, split approximately 60/20/20 (actually 64/17/19) into training, 
validation and test datasets (see Table  2). The division of the data was 
based on the geographical location of the samples to ensure spatial 
separation (Simidjievski et al., 2021) and maximise the generalisation 
ability of the MLMs (Bundzel et al., 2020). Each image patch consisted 
of a 512 × 512px tile derived from SLRM visualisations. The training 
data was augmented with random flips and rotations to improve robust-
ness. All models were trained for 50 epochs with a learning rate of 1 ×
10−4, using ImageNet pretrained weights (Simon et al., 2016) provided 
by AiTLAS. This transfer learning approach significantly accelerated 
training and improved convergence (Kocev et al., 2022).

Table  3 summarises the performance of the four final models for 
semantic segmentation and object detection. Semantic segmentation 
performance is reported using Intersection over Union (IoU), a standard 
ML metric that measures the area of overlap between the predicted 
and reference regions relative to their combined area, with values 
closer to 1 indicating better agreement. Object detection performance is 
reported using mean Average Precision (mAP), a standard metric based 
on the precision–recall relationship, with higher values indicating bet-
ter detection performance. Although the standard implementation of 
IoU does not capture all aspects of model performance relevant to 
archaeological prospection (Fiorucci et al., 2022), it was used here as 
a comparable evaluation measure, consistent with previous archaeo-
logical deep-learning studies based on ALS data (Bundzel et al., 2020; 
Banasiak et al., 2022).

In summary, the MLMs that drive ADAF are the result of a carefully 
constructed and annotated Irish ALS dataset, a methodical evaluation 
of ML architectures using AiTLAS, extensive testing under controlled 
conditions and rigorous model selection. These models now form the 
basis for ADAF’s ability to automatically identify and delineate ar-
chaeological objects in large ALS datasets, supporting both semantic 
segmentation and object detection methods.

3.4.3. Post-processing
The primary task of the post-processing module is to convert the 

results into an easily useable output format. This includes the vectori-
sation of bounding boxes as a result of the object detection method 
or the vectorisation of probability masks created with the semantic 
segmentation method. All polygons are collected into one vector layer 
and their respective detected class is listed in the attribute table.

When using methods for automatic detection of archaeological fea-
tures it is better to have more false positives than to miss potential 
discoveries through false negatives (Verschoof-van der Vaart et al., 
2020). With this in mind, we have found that there are always a number 
of obvious false positives that can be removed automatically without 
the risk of loosing potential new detections. Their characteristics vary 
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from dataset to dataset, so the parameters for post-processing should 
be adjusted on a case-by-case basis.

We have included two parameters for removing known false positive 
examples from the vector layer — the area size of the polygon and its 
geometric shape. Archaeological features of the selected Irish monu-
ment types tend to be circular and no smaller than 40m2, which guided 
us in the selection of post-processing parameters and their respective 
default values as described below. The filtering can always be done 
manually within a GIS, but including it in the automated workflow 
reduces steps in the manual analysis. Both parameters are written in 
the attribute table of the output vector layer.

Filtering by area
To filter out small segmentation polygons, the user can set the 

minimum area slider to remove detections that are smaller than the 
set threshold. The threshold should be increased if the results show 
an excess of small polygons that do not correspond to archaeologi-
cal features. Conversely, it can be lowered or set to zero if smaller, 
clearly identifiable archaeological features are detected, but removed 
in post-processing.

The default setting is 40m2 and the slider can be moved in incre-
ments of 5m2 between the values of 0m2 and 100m2. The default value 
was determined from the geometric statistics of the polygons used to 
train the MLMs. Fig.  7a shows the number of polygons smaller than 
500m2 from the ML-ALS-IE dataset for different archaeological objects 
— there are many more larger objects that are not relevant for setting 
the minimum area threshold and are therefore not included in the 
figure. The only two objects smaller than 30m2 were two barrows from 
the United Kingdom. The known barrows in Ireland are all larger than 
50m2, while enclosures and ringforts are not smaller than 90m2 and 
120m2 respectively, so the user can be less conservative in selecting 
the threshold when detecting one of the latter.

Filtering by roundness
The ADAF has been trained to detect archaeological features that 

typically have a circle-shaped footprint. Removing elongated shapes 
from the detected features can help to reduce the number of false pos-
itives, particularly caused by the detection of hedges and modern field 
boundaries. As a threshold, we introduced the minimum roundness 
index of a polygon. The roundness parameter is defined following the 
formulation of parameter K by Cox (1927). It is calculated as the area of 
the polygon divided by the square of the perimeter of its convex hull 
and normalised by multiplying the result with 4𝜋 (Eq.  (1)). Rounder 
objects have a roundness value closer to 1, while longer, thin objects 
have a value closer to 0. 

𝑟𝑜𝑢𝑛𝑑𝑛𝑒𝑠𝑠 = 4𝜋 ∗ 𝑎𝑟𝑒𝑎
(𝑐𝑜𝑛𝑣𝑒𝑥 𝑝𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟)2

(1)

The default value of 0.5 was derived from the geometric properties 
of the polygons used to train the MLMs (Fig.  7b). Only two ringforts 
and five enclosures, fewer than 0.001% of the polygons, have roundness 
values just below 0.5 (Table  4). All of these exhibit deviations from 
a circular footprint due to the presence of modern structures, such as 
roads and buildings that cut through or have been constructed over 
the original extent of the monuments. A less stringent threshold may 
be appropriate for barrows, as the majority of them exhibit roundness 
values closer to 1 (Fig.  7b), reflecting their typically well-preserved 
circular morphology.

It is important to note that this parameter is only applicable when 
post-processing the semantic segmentation results, as it is not relevant 
for object detection, which inherently generates rectangular bounding 
boxes.
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Table 4
Summary statistics of object roundness based on the polygons of archaeological 
features from ML-ALS-IE dataset, showing minimum, median and standard 
deviation values for each monument class, along with the number of objects 
falling below the post-processing threshold of 0.5.
 Roundness Instances

 min. median std. dev. total under threshold 
 Barrows 0.663 0.975 0.03 522 0  
 Barrows (UK) 0.513 0.999 0.04 1939 0  
 Ringforts 0.494 0.969 0.05 5933 2  
 Enclosures 0.490 0.966 0.07 2324 5  

3.5. Graphical user interface

Creating MLMs is still a task for computer science experts, but as 
ML methods become more widely used, it is important to make them 
accessible to non-experts. The first step in lowering the entry barrier is 
to provide an intuitive user interface that simplifies the workflow and 
allows users to focus solely on setting inputs and outputs without the 
need for programming or technical expertise.

The design process of the ADAF GUI followed an iterative ap-
proach that required close collaboration between designers, remote 
sensing specialists, ML experts and archaeologists. User testing was 
conducted through a combination of (i) online software demonstration 
involving TII archaeological consultants and external archaeologists, 
(ii) dedicated workshop with archaeological practitioners and (iii) indi-
vidual consultations. Feedback gathered during these activities directly 
informed the refinement of the GUI. As a result, the interface was 
streamlined to restrict user interaction to essential parameters only: 
selection of input files, definition of output location and choice of 
ML method. All other processing parameters were predefined by the 
development team based on optimal results derived from a systematic 
testing of the ML-ALS-IE dataset.

The GUI uses the Jupyter Notebook Widgets for a clear and intuitive 
interface. All parameters are selected by interacting with buttons, 
dialogue boxes, selection boxes and sliders (Fig.  8). It is designed to pro-
vide an intuitive workflow through its three main components: Input 
data options, Machine learning options and Post-processing options.

The first section of the GUI, Input Data Options, facilitates the 
selection of input files and provides pre-processing capabilities. The 
user can select one or more files via a standard file dialogue, which 
is opened via the Select file button. Each selected file is treated as an 
individual dataset and processed independently. For datasets consisting 
of multiple tiles (e.g. tiled rasters), the GUI supports the virtual mosaic, 
where the tiles are treated as a single dataset. By default, the output 
files are saved in a subfolder of the same directory as the input files, 
but users can specify a different destination using the Change output 
folder button.

Pre-processing prepares the data for ML. An unprocessed DEM file is 
expected as a default input, which is then automatically preprocessed to 
generate visualisations and adjust pixel values for ML interpretability. 
There is an option for users to skip this preprocessing step in case they 
have already prepared the appropriate visualisations themselves. To 
enable this, a radio button switches between the DEM and Visualisa-
tion input modes. Preprocessed files can be created externally using 
tools such as the RVT plugin for QGIS, by applying the parameter 
settings listed in Table  1. In addition, users can select the Save visu-
alisations checkbox to save preprocessed files for reuse in subsequent 
runs, streamlining repeated analysis of the same dataset.

The second section, Machine learning options, provides control 
over the selection of MLMs. The user can choose between two ML 
approaches - semantic segmentation and object detection. A drop-down 
menu allows the selection of pretrained models and currently includes 
the default ADAF model trained on ML-ALS-IE dataset or a Custom model
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Fig. 7. (a) Distribution of archaeological objects in the ML dataset by area (m2), limited to objects smaller than 500m2 and (b) distribution by roundness. The 
dashed line marks the default thresholds used in post-processing to exclude (a) small and (b) elongated detections.
that the user has either provided or trained independently. The custom 
models have to adhere to ADAF model specifications and require 
expertise in MLM training. Detailed instructions for creating custom 
models can be found in the software manual (Čož et al., 2025b).

When using the ADAF model, users can specify archaeological object 
classes for detection via the Select classes for inference options. Avail-
able classes include barrows, ringforts, enclosures and an aggregated All 
archaeology category. Any combination of these classes can be selected. 
Detected objects will be labelled with the corresponding class attributes 
in the output vector file.

The last section, Post-processing options, provides tools to refine 
the detection results. To exclude insignificant detections, the user can 
adjust the thresholds for the size and shape of the polygons using 
sliders. They can also save intermediate results such as probability 
masks. These are raw raster outputs of the MLM that indicate the 
probability of detection per pixel and are useful for evaluating the 
performance of the model or for customised post-processing.

4. Practical application — comparing human and machine perfor-
mance

To evaluate the performance of the ADAF tool in a real-world set-
ting, we conducted a case study using the ALS dataset of the TII N/M20 
motorway project, an active infrastructure development corridor be-
tween Cork and Limerick in Ireland (see Fig.  3). The dataset covers 
a total area of 197 km2 and provided a robust testing environment as it 
contains various archaeological contexts as well as a baseline inventory 
of 621 known archaeological sites recorded in the Sites and Monuments 
Record (SMR) database. Of these, 253 are categorised as likely (or at 
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least possible) to be found in the ALS data. The remainder are sites that 
have been destroyed by recent construction, upstanding monuments or 
sites with no recognisable surface expression. The study employed the 
ADAF semantic segmentation model, using the broader "All Archaeol-
ogy’ detection class to maximise feature coverage. The post-processing 
parameters were configured with a minimum area threshold of 30m2

(very small) and a roundness value of 0.4 to help reduce the very 
obvious false positives while preserving archaeologically interesting 
features.

The analysis aimed to answer two key research questions. First, how 
effectively does the model identify already documented archaeological 
sites? To answer this question, we compared the ADAF results with a 
subset of the aforementioned 253 SMR records. Second, we assessed the 
model’s potential to discover previously unrecorded sites by comparing 
its results with those of expert visual inspection of the ALS data. Human 
inspection identified 343 features of potential archaeological interest, 
217 of which received a higher confidence score indicating a high 
probability of archaeological origin.

In total, the ADAF tool detected 772 potential archaeological fea-
tures, which are summarised in Table  5. An initial review of the 
detection results shows that 213 match known SMR sites. Considering 
that the dataset contains 253 known SMR sites, this yields a recall value 
of 0.84. Here, SMR sites were treated as a single group and were not 
further subdivided by preservation state, management status, or degree 
of disturbance. As both the training and test datasets include sites with 
varying levels of visibility in ALS visualisations, the achieved recall 
is considered encouraging. The percentage of detected known sites is 
high, considering ADAF models were trained on 3 out of 18 monument 
type categories.
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Fig. 8. The ADAF GUI is designed to provide an intuitive workflow through its three main components: Input data options, Machine learning options and 
Post-processing options.
Table 5
Performance comparison between the ADAF tool and human experts in detect-
ing archaeological features from ALS data. The results summarise detection 
accuracy, recall and identification of new sites within the test area.
 Category Human inspection ADAF 
 Total detections 343 772  
 Sites in SMR – 213  
 Total new features of potential archaeological interest 343 429  
 Potential unknown sites (high confidence) 217 197  
 Potential unknown sites (low confidence) 126 362  
 Detected by both methods 81 81  
 Detected by a single method 262 348  

This means that the tool identified 429 potential sites. A compre-
hensive manual review revealed that 362 of those were false positives, 
consisting primarily of modern or natural landscape features such as 
palaeochannels, golf courses, quarries, modern agricultural embank-
ments and urban (embanked) infrastructure (Fig.  9). Similar types of 
false positives have also been reported in previous research (Verschoof-
van der Vaart et al., 2020). Among the remaining detections, 81 
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features were detected by both the ADAF tool and human interpreta-
tion. However, the tool identified a total of 116 potential sites that had 
been missed during the human assessment (Fig.  10).

The tool’s detection rate of 84% for known SMR entries is a promis-
ing result for a fully automated method. However, the direct compar-
ison with human inspection shows the limitations of both approaches. 
Of the features identified by human inspection, only 24% were also 
detected by the ADAF tool, indicating a relatively modest overlap 
between manual and automated interpretations. Conversely, only 18%
of the features detected by ADAF were also recognised by human 
analysts, meaning that 82% of the machine-detected features were not 
identified in the manual assessment. This asymmetry suggests that 
ADAF is capable of detecting a considerable number of features that 
may be missed by human interpretation. A likely explanation for this is 
that human analysts are able to identify a wider and more diverse range 
of monument types, including those not represented in the ML-ALS-IE 
dataset (e.g. field systems, upstanding structures). At the same time, 
the high number of purely machine detections indicates the sensitivity 
of the tool in identifying subtle surface anomalies that are easily over-
looked by the human eye, especially in large and complex landscapes 
(see Fig.  10). These results highlight the complementary strengths of 
human and machine approaches and illustrate the potential benefits of 
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Fig. 9. Examples of false positive detections. (a) a round pen for training horses, (b) a cul-de-sac, (c) a cemetery, (d) a part of a golf course, (e) a moated castle 
hill, (f) circular tractor tracks, (g) a quarry stockpile, (h) natural deposits. National High Resolution Imagery shows the same area as the lidar data. CYAL50478200 
1’ Tailte Éireann — Surveying.
extending the training data to a wider variety of archaeological site 
types, which is consistent with previous studies that also stressed the 
value of combining automated detection with human interpretation and 
the importance of broader training datasets (Verschoof-van der Vaart 
and Lambers, 2021; Verschoof-van der Vaart, 2022).

This comparative analysis highlights the complementary strengths 
of human expertise and machine inference. While ADAF demonstrated 
strong performance in detecting known site types included in the 
training data – achieving an 84% match rate against the SMR dataset 
– its identification of previously undocumented sites underscores its 
utility as a discovery tool in archaeological prospection. At the same 
time, the divergence in results between human and machine detection 
illustrates the importance of integrating both approaches to achieve 
comprehensive landscape interpretation.

5. Discussion

The performance of ADAF in the TII N/M20 motorway project case 
study shows that the tool does not replace expert interpretation, but 
is a complementary method. While ADAF identified a large number of 
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probable archaeological features, a considerable number of which were 
not detected during the initial human assessment, human expertise re-
mains essential for the interpretation of ambiguous features, especially 
those not included in the training dataset. In this sense, the strength 
of ADAF lies in its ability to quickly and consistently highlight areas of 
potential interest in large datasets, reducing the cognitive and logistical 
burden on human analysts.

The tool also demonstrated a high level of expertise in accurately 
delineating the location and extent of features. In several cases, ADAF 
provided spatially more precise outlines of already recorded monu-
ments compared to existing SMR records, which are usually represented 
by centroids or approximate boundaries. This higher spatial precision 
increases the usefulness of the results for follow-up investigations and 
decision-making in development projects.

The detection of 362 false positives is considerable, but not nec-
essarily a limitation when view in light of the wider context of ar-
chaeological prospection. Many of these false positives were associated 
with ambiguous landforms or modern anthropogenic features that have 
similar morphological characteristics to archaeological structures. As 
discussed by Cowley et al. (2020), some degree of over-detection in 
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Fig. 10. Examples of detected features that potentially represent unrecorded archaeological sites. National High Resolution Imagery shows the same area as the 
lidar data. CYAL50478200 1’ Tailte Éireann – Surveying.
initial screenings is not only acceptable but desirable. The aim is not 
only to achieve a perfect classification rate, but also to ensure that the 
possibility of overlooking genuine archaeological features is minimised.

In practical terms, the outputs of ADAF can be treated similarly to 
predictive archaeological maps, i.e. as guides for further verification 
and not as final classifications. In this capacity, the high recall rate 
of ADAF becomes a valuable asset when it comes to flagging poten-
tial features in advance of fieldwork, especially in contexts such as 
infrastructure planning where time and resources are limited.

An important consideration is the extent to which the performance 
of ADAF on the TII’s Irish ALS dataset can be generalised to other 
projects. The model was trained on a high quality and well-labelled 
training dataset focusing on three common Irish monument types (bar-
rows, ringforts and enclosures). The model’s detection performance is 
therefore strongest when applied to areas and sites that reflect the 
characteristics of the training data. In regions with other monument 
typologies or landscapes with a different morphology, re-training or 
adaptation of the model is required.
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This implies that while ADAF provides an out-of-the-box solution 
for certain Irish contexts, wider applicability requires the availability of 
labelled reference data and technical expertise for model refinement.

6. Conclusions

This study presents ADAF, a purpose-built open-access software 
tool designed to facilitate the automatic detection of archaeological 
objects from ALS data using state-of-the-art deep learning techniques. 
By integrating semantic segmentation and object detection capabilities 
into a user-friendly, GUI-based platform, ADAF offers a notable advance 
for archaeological prospection.

As demonstrated in the practical application case study, ADAF 
works well for the intended purposes. The results of the detection on 
the N/M20 dataset showed a high recall rate of known archaeological 
sites and, more importantly, the model identified 116 potentially new 
archaeological sites that had previously been overlooked by expert 
visual analyses. This not only confirms the reliability of the tool in 
detecting known archaeological sites, but also highlights its ability to 
detect sites that are too subtle to be identified by a human.
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False-positives remain unavoidable limitation of automatic detec-
tion methods. However, they can be effectively mitigated by both 
built-in post-processing filters and supplementary geospatial analy-
ses (Verschoof-van der Vaart et al., 2020). The prevalence of false 
positives, often associated with urban features, golf courses, round-
abouts and other modern landscape features, highlights the need for 
more sophisticated exclusion strategies. This is a good pointer for future 
development of the tool, which could focus on integration with external 
datasets, such as land cover and land use maps, to enable automatic 
filtering based on contextual geographic information. Such approach 
would improve the accuracy of results and reduce the need for manual 
review.

The open design of the tool, based on FAIR data principles, ensures 
that it is not only accessible but also extendable. The creation of a 
high quality, expert annotated training dataset of over 23,000 image 
patches (512 × 512px) from ML-ALS-IE dataset was a cornerstone of 
the project and provides a solid foundation for retraining the models 
on other datasets. The data can also serve to build new models and 
combine them into ensembles to increase performance. However, wider 
adoption outside of Ireland will require the development of additional 
training data and expertise to ensure transferability of the model.

To facilitate retraining, ADAF provides code for fine-tuning ex-
isting models with new data and for training entirely new models 
from scratch. These options allow archaeologists and researchers to 
adapt the tool to different geographical contexts and monument types, 
provided that well-annotated reference datasets are available. While 
retraining requires a certain level of technical proficiency and access 
to suitable hardware, the modular structure of the tool and the open 
documentation help to lower the barrier for customising ADAF to 
specific needs.

Implementing ADAF into the development process of TII’s infras-
tructure plans will ensure that the project has lasting value beyond the 
initial research and development stage. TII has incorporated its use into 
its technical guidelines for the impact assessment of TII National Roads 
and Greenway projects (TII, 2024). As part of the Preliminary Route 
Options Phase 2 Stage 1 activities, consultants are contracted to also 
use the tool to identify previously unrecorded archaeological sites that 
could be avoided by considering alternative route designs. We hope 
that this integration will also encourage major infrastructure planning 
and development organisations outside Ireland to use the tool in their 
workflows, as well as fund its maintenance and future development.

Beyond its immediate application, ADAF holds substantial enduring 
value. In research, it represents a major step forward in archaeological 
prospection and can catalyse further innovations in the automated 
interpretation of remote sensing data. For public and institutional 
stakeholders, it provides an additional tool for large-scale heritage 
planning and management. Finally, for the archaeological community, 
ADAF serves as a reproducible, scalable and transparent framework 
that contributes to the standardisation of ML-based methods for the 
detection of archaeological sites from ALS data.

Ultimately, ADAF is an example of how the integration of deep 
learning and open science principles can advance the field of archae-
ological prospection and provide new opportunities for the discovery, 
documentation and protection of our cultural heritage on a large scale.
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