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Abstract
This study shows and discusses an innovative approach devised for archaeologi-
cal feature detection using unmanned aerial system (UAS) LiDAR and an open-
source probabilistic machine learning framework. The methodology employs a 
Random Forest classification algorithm within CloudCompare’s 3DMASC plugin 
to analyse dense LiDAR point clouds. The main steps include classifier training, 
hyperparameter adjustment and point cloud segmentation to produce digital terrain 
models (DTM), digital feature models (DFM) and digital surface models (DSM). 
Experimenting different parameters led to the determination of the best set to be 
employed for the training model. Subsequent data enhancement with the Relief Vis-
ualisation Toolbox (RVT) refines the visibility of archaeological features, particu-
larly within complex and heavily vegetated terrain. The use case selected to validate 
this approach is the site of Kastrí-Pandosia in Epirus (Greece), which is particularly 
suitable for LiDAR analysis by UAS. This approach significantly improves archaeo-
logical detection and interpretation, revealing previously inaccessible or obscured 
microtopographic and structural features. The results highlight the site’s defensive 
walls, terracing and potential anthropogenic routes, underlining the methodology’s 
effectiveness in detecting archaeological landscapes at multiple levels. This study 
emphasises the utility of accessible and open-source solutions for the identification 
of archaeological features, promoting cost-effective methods to improve the docu-
mentation of sites in remote or difficult locations.
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Introduction

In the twenty-first century, the technologies that have had the most striking 
impact on archaeology are undoubtedly two: (1) LiDAR, as a data acquisition 
tool, and (2) drones or UASs (unmanned aerial systems). LiDAR has expanded 
the operational scope of archaeologists to include previously inaccessible areas 
under dense vegetation cover that are difficult to study and excavate. Similarly, 
UAS have opened up the possibility for archaeologists to take different instru-
mentation to altitude and be able to use it without excessive financial outlay (as 
with the use of airplanes or helicopters) or special flying skills.

For these reasons, the marriage of UAS and LiDAR is as natural as it is effec-
tive. Moreover, as these tools have been put on the mass market, they have 
become easily accessible without undue financial expense to many research insti-
tutions, universities and archaeological freelancers on an almost global scale.

As the availability of LiDAR data has increased during the past few years, 
the tools for processing the data have also increased. To date, many software 
houses, researchers and practitioners develop tools and code (e.g., in Python and 
R) suitable for this purpose. The global computing scene offers numerous tools 
for processing these data, which, for the most part, has its core in the classifica-
tion/segmentation of the three-dimensional point cloud produced by LiDAR for 
identifying features on the scene or for extracting information from segmenta-
tion-derived products such as DEMs (digital elevation models), DSMs (digital 
surface models), DTMs (digital terrain models) and DFMs (digital feature mod-
els) (Küçükdemirci et  al., 2022; Lozić & Štular, 2021; Štular, Eichert, et al., 
2021a, 2021b). In accordance with the recent bibliography on the subject, DSMs 
are representations of the scene as recorded from above, without filtering classi-
fied objects—i.e., they depict the actual surface at the time of acquisition. DTMs, 
widely used in topography, environmental analysis and landscape studies, rep-
resent the terrain free of objects and vegetation. They serve as the ideal product 
for generating topographic maps and contour lines. However, in archaeology, the 
DFM is likely the most useful product, as it provides a digital representation of 
the scene recorded by LiDAR, showing only the structures both on the surface 
and buried in the ground, and the ground itself (Štular, Lozić, et al., 2021a).

Recent studies in modern literature have showcased the application of LiDAR 
technology in discovering archaeological sites hidden by dense vegetation. Key 
research includes work by Khan et al. (2017), who used this technology to map 
ancient landscapes in the Amazon rainforest; studies by Chase et al. (A. Chase 
et al., 2017; A. F. Chase et al., 2011) focused on the ancient Maya civilizations; 
research by Evans et al. (Evans, 2016; Evans & Traviglia, 2012), which centred 
on Angkor Wat in Cambodia; investigations by Masini et al. (Masini & Lasapon-
ara, 2021; Masini et  al., 2018, 2022) into medieval sites in Italy; research by 
Danese et al. (2022) concerning the impact of looting; or the studies conducted 
by Raab and Schneider et al. in the identification of ancient productive activi-
ties and the exploration of ancient Land Cover Land Use (Bonhage et al., 2023; 
Raab et  al., 2024; Schneider et  al., 2015, 2025; Verschoof-van der Vaart et  al., 
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2022). Moreover, current trends in the use of LiDAR for archaeological research 
have prompted many to assess techniques for data filtering and feature extraction, 
utilising both machine learning and deep learning approaches, along with meth-
ods for both supervised and unsupervised detection of archaeological features 
(Fiorucci et al., 2022; Guyot et al., 2021; Küçükdemirci et al., 2022; Mazzacca 
et al., 2022; Richards-Rissetto et al., 2021; Trotter et al., 2022).

Currently, the main limitation in LiDAR data processing is the classification and 
segmentation of point clouds, either due to the high cost of software or the complex-
ity of machine-learning and deep-learning algorithms, which can be challenging for 
non-programmers to use.

Many free software, codes and tools (both open source and licenced) have been 
released in recent years to go beyond the difficulties of managing LiDAR point seg-
mentation. They are based on different types of filtering applied to the point cloud, 
such as (1) morphological filters (i.e., progressive morphological filter (PMF) and 
slope-based filter (SBF)), (2) progressive densification (i.e., progressive triangular 
irregular network (PTIN)), (3) surface-based filtering (i.e., weighted least-squares 
linear interpolation (WLS)), (4) segmentation-based filtering (SegBF), (5) hybrid 
filters (i.e., Blue Marble Geographic Hybrid Filter (BMHF) and (6) other types of 
filters (multi-scale curvature classification (MCC)) (Briese & Pfeifer, 2001; Buján 
et  al., 2020; Doneus & Briese, 2015; Doneus et  al., 2008, 2020; Mazzacca et  al., 
2022; Pfeifer & Mandlburger, 2018; Štular & Lozić, 2020; Suleymanoglu & Soycan, 
2019).

In the area of machine learning–based segmentation, currently the major diffi-
culty lies in managing the data through different software for preparing the training 
dataset and then programming the training algorithm, testing, evaluating and finally 
applying the generated model.

The aim of this work is to propose a completely open-source approach for pro-
cessing LiDAR data using a limited number of free tools without requiring any pro-
gramming. The tools used were (1) Cloud Compare (v. 2.14) (https://​www.​danie​lgm.​
net/​cc/) and its integrated 3DMASC plug-in (https://​lidar.​univ-​rennes.​fr/​en/​3dmasc), 
applied for the first time in an archaeological context; (2) RVT (v. 2.2.1) (https://​rvt-​
py.​readt​hedocs.​io/​en/​latest/) for DFM image enhancement; and (3) the widely used 
GIS platform QGIS (v.3.34.14) (https://​www.​qgis.​org/).

The paper also proposes (1) the methodology used to assess the strengths and 
limitations of the machine-learning model and (2) data enhancement for highlight-
ing archaeological information, up to a complete georeferenced archaeological map 
in a GIS environment.

The use case selected to validate this approach is the site of Kastrí-Pandosia in 
Epirus (Greece), which is particularly suitable for LiDAR analysis by UAS and 
presents considerable logistical difficulties for a classical archaeological field sur-
vey due to the vegetation (composed of dense Mediterranean scrub and shrubs) and 
roughness of the ground.

https://www.danielgm.net/cc/
https://www.danielgm.net/cc/
https://lidar.univ-rennes.fr/en/3dmasc
https://rvt-py.readthedocs.io/en/latest/
https://rvt-py.readthedocs.io/en/latest/
https://www.qgis.org/
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Materials and Methods

In the context of multidisciplinary investigations to support archaeological 
research, a LiDAR survey campaign was conducted by drone by the RES-DATA 
Lab (Laboratory of Remote Sensing and Spatial Data Science) of the National 
Research Council, Institute of Heritage Science (CNR–ISPC), as part of the 
MOLAB E-RIHS.it projects (https://​www.e-​rihs.​it/​labor​atori-​mobili/), since the 
site was one of the winners of the call with the ‘Pandosia Project. Landscape 
archaeology in Katri-Pandosia on the Acheron river’. Access to this infrastructure 
allowed archaeologists and organisations requesting the service to obtain LiDAR 
acquisitions and data processing free of charge.

The objectives of the LiDAR survey campaign were (1) the identification of 
archaeological features in areas covered by tree vegetation, (2) the identification 
and characterisation of microtopographical variations of archaeological interest 
and (3) the documentation and mapping of archaeological evidence, including 
walls and structures reported during past excavation campaigns (Fig. 1).

The aerial surveys at the site were carried out using both active sensors 
(LiDAR) and passive sensors (optical camera) in the areas indicated in Fig. 2.

Fig. 1   LiDAR data acquisition using DJI Matrice 600 drone

https://www.e-rihs.it/laboratori-mobili/
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Study Area

astrì-Pandosia site is located in Epirus, the northernmost region of Greece, which 
faces the Ionian Sea and is characterised by a mountainous landscape furrowed 
by deep river valleys (e.g. Arachtos, Acherontas, Kalamas) (Fig. 2). The regional 
territory is particularly interesting from a geomorphological, archaeological and 
cultural point of view in general. The archaeological evidence found in the area 
testifies to human habitation from the 3rd millennium B.C., yet the territory is 
characterised by a certain isolation due to its very geography, with the Pindus 
Mountains separating Epirus from the other regions of Greece. The region under-
went numerous occupations during the medieval centuries and became part of the 
Ottoman Empire in the fifteenth century (Comegna et al., 2024). The settlement 
of Kastri, founded in the third century B.C., is located on a hill in a central area 
of to the river valley, a few kilometres from the Nekromanteion of Acheron and 
close to some transhumance routes. In the 1990s, limited surface investigations 
were carried out at the later settlement, followed by emergency archaeological 
excavations at the foot of the hill of Kastrì. Since 2019, on the other hand, thanks 
to the collaboration with the Ephoreia of Preveza, the University of Basilicata 
and the CNR–ISPC, archaeological excavations have been conducted within one 
of the residential architectural complexes, in several points of the Classical and 
Medieval wall circuits, and in a Byzantine religious building on the acropolis 
(Galaty, 2002; Hammond, 1967; Sogliani et al., 2019; Tartaron, 2004).

Fig. 2   Location of the Kastrì site
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These investigations demonstrated the presence of two settlement phases: (1) a 
large fortified residential structure pertaining to the Molossian dynasty, datable to 
the third to second century B.C.; (2) a wall perimeter with towers attributable to 
the twelfth to fifteenth century. In particular, investigations in the residential build-
ing suggest that the site has been frequented since the fourth to third century. The 
medieval phase, on the other hand, is attested by the traces identified in the defen-
sive perimeter, and in particular in a watch tower. This building was strategically 
positioned to guard the river, but changed its use several times over the centuries. 
In addition, research was conducted to reconstruct the palaeo-flora of the landscape 
(Comegna et al., 2024).

The Workflow

Figure  3 shows the flowchart of the studies conducted for this research at the 
Kastri-Pandosia site, summarised as follows: (1) creation of the coloured point 
cloud by integration of photogrammetric and LiDAR data; (2) training of the 
classifier and hyperparameter tuning for the choice of parameters and features of 
greater weight in the classification; (3) application of the segmentation model of 
the point cloud into classes; (4) generation of digital terrain model (DTM), digi-
tal feature model (DFM), and digital surface model (DSM); (5) enhancement of 

Fig. 3   Flowchart of LiDAR data processing
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the raster data to increase the visibility of features of archaeological interest; (6) 
creation of a GIS map of the identified archaeological evidence.

Photogrammetric Survey at the Katrì‑Pandosia Site

A high-resolution photogrammetric UAV survey was carried out at the site in 
order to have a general orthophoto and photographic material to colour the point 
cloud obtained from LiDAR. Photographic devices are among the passive sen-
sors currently most widely used in archaeology. Photography represents a funda-
mental tool for documentation, used in various ways depending on the mode of 
acquisition and the characteristics of the cameras employed (Adami et al., 2014; 
Baber, 2011; Bewley, 2003). Cameras operating in the visible spectrum are the 
most widespread and commonly used, often high-resolution cameras (Agapiou 
et al., 2016; Cowley & Stichelbaut, 2012). However, there are also cameras that 
can detect wavelengths beyond the visible spectrum and capture separate infor-
mation in specific spectral ranges (Abate et al., 2021; Adamopoulos et al., 2021; 
Alicandro et al., 2022; Brooke & Clutterbuck, 2019). Examples are multispectral 
cameras, thermal cameras and hyper-spectral cameras, which use bandpass fil-
ters to acquire data in specific spectral ranges (Adamopoulos et al., 2021; Agudo 
et al., 2018; Alicandro et al., 2022; Barazzetti et al., 2015; Casana et al., 2017; 
Grinzato et al., 2002; Salgado Carmona et al., 2020; Šedina et al., 2019; Zhang 
et  al., 2020). Cameras operating in the visible spectrum are commonly used in 
photographic and three-dimensional surveying. This technique, which is wide-
spread today, is called three-dimensional photogrammetry (Carvajal-Ramírez 
et  al., 2019; De Reu et  al., 2014; Guidi et  al., 2009; Nex & Remondino, 2014; 
Remondino, 2011). Three-dimensional photogrammetry is a technique for creat-
ing a digital model of a real object using photos, using a technique called struc-
ture from motion (SfM). This method is widely adopted in the field of remote 
sensing for cultural heritage as it is cheap, fast and easy to use. It is based on the 
metric analysis of images and works according to precise mathematical and geo-
metric principles, such as perspective geometry, to extract metric three-dimen-
sional coordinates from images. Unlike other three-dimensional visualisation 
techniques, the goal of photogrammetry is to obtain metrically accurate, precise 
and geometrically reliable information. Photogrammetry is based on the principle 
of collinearity to correlate the coordinates in the sensor plane (2D) with those of 
the three-dimensional object (3D) (Abate et al., 2023). A DJI Matrice 300 RTK 
drone with a 42-megapixel DJI P1 RGB camera was used. Acquisition was con-
ducted at 120 m A.G.L. (above ground level) in automatic flight mode, previously 
programmed using the DJI Pilot application, with Terrain Follow function active. 
A total of 1900 photographs were acquired, which allowed the OpenDroneMap 
WebODM (v. 2.8.0) photogrammetry open-source software (https://​www.​opend​
ronem​ap.​org/​webodm/) to generate a georeferenced orthophoto in WGS 84–UTM 
34N with an average error estimated by the software of 0.017492 (m) and with 
a resolution of 0.9  cm/pixel, subsequently used in GIS, and a point cloud also 
georeferenced.

https://www.opendronemap.org/webodm/
https://www.opendronemap.org/webodm/
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LiDAR Survey at the Kastri‑Pandosia Site

In order to obtain a dense, georeferenced point cloud allowing the elements below 
the vegetation to be observed, a LiDAR survey was carried out in the area of the 
Kastrì site (Fig. 2). LiDAR are active sensors, i.e. devices that act as both source 
and receiver of the signal, such as lasers and radars. These devices offer high perfor-
mance in terms of accuracy (down to the millimetre) in data acquisition and provide 
information about the spatial position of detected points, on or below the ground. 
Lasers are active sensors capable of acquiring large amounts of data in a relatively 
short time, even from objects with complex geometries, ensuring high accuracy. 
However, their high cost and not always compact size can limit their accessibility 
and use in certain situations. In the field of archaeological research, LiDAR as well 
as terrestrial laser scanners certainly occupy a very important role in understand-
ing architectural artefacts, analysing contexts covered by vegetation and studying 
microtopographic phenomena generated by the presence of buried archaeologi-
cal remains. A laser or LiDAR sensor works by emitting pulses of coherent light, 
known as lasers, towards the ground or underlying objects (Adams & Wood, 1982; 
Balsi et al., 2021; Banaszek, 2013; A. F. Chase et al., 2011; Doneus & Briese, 2015; 
Fernandez-Diaz et al., 2014; Masini et al., 2022; Opreanu et al., 2014).

The most commonly used laser sensors are time-of-flight (TOF) and phase differ-
ence lasers (phase shift) (Lercari, 2016). The differences between the two techniques 
are in the distance, speed and accuracy of acquisition. The phase-shift technique is 
more accurate, precise and fast and is usually used for close-range acquisitions (e.g. 
interior surveying), while the time-of-flight technique has a longer range and is often 
used for large-scale structural and landscape surveys (Doneus et  al., 2008; Vacca 
et al., 2012).

These pulses are reflected by objects and detected by the sensor, which calcu-
lates the time taken for the signal to return (TOF), according to Eq. (1) (Nejad et al., 
2006):

where D is the distance between the sensor and the object, expressed in metres; c is 
the speed of light; and t is the time of flight of the light signal, i.e. the time it takes to 
travel from the transmitter to the object, expressed in seconds. Since the light signal 
travels twice the distance between the sensor and the object (round trip), the factor 
½ is included in the equation to correctly calculate the distance between the sensor 
and the object. The time it takes for the laser signal to travel to the object and back 
to the sensor is measured very accurately. This time is used to calculate the distance 
between the sensor and the target. The shorter the return time, the closer the object 
is to the sensor. When the laser beam interacts with the object, some of the light 
is absorbed while the rest is reflected (Suchocki, 2020). This reflected light is then 
detected by the sensor as a ‘return’ or ‘echo’. Each recorded echo provides informa-
tion about the distance and sometimes the intensity of the reflected signal, which 
can be used to provide details about the surface of objects, such as roughness or 
material composition. In the case where the laser beam hits multiple objects along 

(1)D =
ct

2
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its propagation path, multiple returns are recorded (Tan et al., 2018). These can be 
used to obtain detailed three-dimensional information of the surrounding environ-
ment and provide LiDAR with its ability to penetrate beneath vegetation, which is 
critical for research in remote sensing for archaeology (Lozić & Štular, 2021; Puech 
et al., 2012; Vilbig et al., 2020). Phase difference lasers, on the other hand, are more 
accurate, precise and faster than TOF lasers and record the phase difference between 
the source and return signals (2) (Yoon et al., 2011):

where D is the distance between the sensor and the object, c is the speed of light, f 
represents the modulation frequency of the reference signal, φ is the phase shift (in 
radians) between the emitted and the reflected light signals, and 2π represents the 
full cycle of the modulation signal.

The LiDAR survey at the Kastrì archaeological site was carried out using a Riegl 
MiniVux-3 5-echo TOF laser scanner, equipped with a GNSS PPK positioning sys-
tem, used as a payload on a DJI Matrice 600 drone. The LiDAR acquisition covered 
a total area of approximately 65  ha (Fig.  2). The flight was conducted at an alti-
tude of 70 m A.G.L. at a constant speed of 3 m/s, in dual-acquisition grid mode, 
with UGCS pro software, in Terrain Follow mode. This type of acquisition has been 
shown to be useful in the field of archaeological research with LiDAR data (Masini 
et al., 2022). The processing steps to go from LiDAR-acquired data to the georefer-
enced raw point cloud were (1) acquisition of GNSS data from the Greek national 
fixed stations; (2) correction of the route acquired by the PPK antenna based on the 
data from the fixed stations, in Applanix POSPac v.8.7 UAV software; and (3) use of 
Riegl’s RiPROCESS suite for creating and exporting the point cloud to the WGS 84 
UTM 34 N system. The average point cloud density produced was about 2000 pnt/
m2. To colour the LiDAR point cloud, the two point clouds respectively generated 
by photogrammetry (colour) and LiDAR were imported into CC and the second was 
coloured using the function ‘colour: interpolate from another entity’ which allowed 
the colour of the first to be transferred to the second mediating colour by neighbour-
ing points.

A Probabilistic Machine‑Learning Open‑Source Approach to Point Classification: 
CloudCompare and 3DMASC Tool

Once the georeferenced point cloud was obtained, the whole point cloud was seg-
mented using the open-source tool CloudCompare (2.14) and its plug-in 3DMASC 
(Multiple Attributes, Scales and Clouds) (Letard et al., 2024).

3DMASC allows the supervised classification of 3D points based on multiple 
attributes and at different scales, using data from one or more point clouds, i.e. data 
sets that can include spectral and geometric attributes. Attributes may include, for 
example, spatial variations of geometric, spectral and height-based characteristics 
of local points in the cloud (Blomley et al., 2016; Brodu & Lague, 2012; Hackel et 
al., 2016; Mazzacca et al., 2022). The classification process uses a Random Forest 

(2)D =
c

2f
∗

�

2�
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algorithm (Breiman, 2001; Corcoran et al., 2015) to generalise and quickly apply the 
models to large datasets, with the ability to filter out misclassified points based on 
their prediction confidence. In terms of implementation, the method’s contributions 
include a stand-alone plugin in CloudCompare, which allows users to create a clas-
sifier and apply it to their own data. 3DMASC is proposed as a powerful and flex-
ible solution for 3D data classification, using advanced machine-learning techniques 
to provide accurate and interpretable classification of complex point clouds (Letard 
et al., 2024).

The Random Forest is a supervised machine-learning classification method based 
on an ensemble of decision trees, each trained on random samples of the dataset 
(bagging) and a stochastic subset of the features. The final prediction is obtained by 
combining the outputs of the individual trees, typically by majority voting, ensuring 
robustness and low variance. The injection of randomness in both data and variable 
selection reduces the correlation between trees and mitigates the risk of overfitting, 
achieving excellent performance in a variety of application contexts. In addition, the 
technique provides estimates of the importance of each feature, facilitating model 
interpretation and identification of the most relevant variables (Breiman, 2001).

First, Noise Filter and SOR (Statistical Outlier Filter) functions were applied to 
the coloured LiDAR point cloud using CloudCompare software. Respectively: (1) 
the Noise Filter determines a local plane around each point in the cloud and removes 
points whose distance from the plane exceeds a certain threshold. In this way, the 
process functions similarly to a low-pass filter; (2) the SOR filter calculates the aver-
age distance of each point from its k nearest neighbours (where k is the number of 
points chosen by the user). It then removes the points whose distance is greater than 
the average of these distances plus a certain multiple of the standard deviation. For 
this process, k = 8 and σ = 2 were used (Le et  al., 2023; Mora et  al., 2021; Zheng 
et al., 2022).

Then, the whole point cloud was resampled using the function ‘spatial resam-
pling’ at 0.1 m minimum space between the points.

Once the point cloud was prepared, the same dataset was used for self-training 
and self-testing in 3DMASC. Six representative areas across the entire scenario 
were selected as training data and then manually classified (labelled) using ASPRS 
(American Society for Photogrammetry and Remote Sensing) classes as a reference 
(Maune et al., 2014). The selection process focused on identifying significant areas 
within the LiDAR data acquired, specifically those containing elements belonging to 
the following classes: (1) ground; (2) low-vegetation; (3) high-vegetation; (4) build-
ings (without distinction between archaeological and modern). These were the only 
ASPRS classes used, as they were deemed the most representative of the study area 
and relevant to the research objectives. From practical implementation, manual seg-
mentation was performed in CloudCompare to maintain an open-source and user-
friendly environment. The ‘Interactive Segmentation Tool’ in CloudCompare was 
used to segment and label the points (Fig. 4).

3DMASC as a versatile tool allows the classifier to be trained using differ-
ent features of the point cloud, at different scales. For this study, the follow-
ing features were used at the analysis scales of 0.2, 0.4, 0.6, 0.8, 1, 1.2, 1.4 and 
1.6 m/radius (sphere diameter): (1) laser reflected intensity (INT); (2) number of 
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returns (NBRET); (3) return number (las file) (RETNB); (4) dip angle (NOR-
MDIP); (5) dip direction (NORMDIPDIR); (6) PCA1 (Brodu & Lague, 2012); (7) 
PCA2 (Brodu & Lague, 2012); (8) PCA3 (Brodu & Lague, 2012); (9) roughness 
(ROUGH); (10) anisotropy measure (ANISO); (11) sphericity (SPHER); (12) lin-
earity (LINEA); (13) planarity (PLANA); (14) curvature (CURV); (15) first order 
moment (FOM); (16) DIP computed from PCA (DIP); (17) DIPDIR computed 
from PCA (DIPDIR) (Letard et al., 2024; Tarsha Kurdi et al., 2023).

Then, in order to understand the best parameters for the classification to be 
applied (hyperparameter tuning), the training algorithm was used with different 
parameters, varying the number of trees (5, 10, 25, 50, 100, 150, 200, 250), the 
maximum depth (25, 50) and the minimum simple count (10, 20).

Hyperparameter tuning in a Random Forest consists of optimising a set of key 
model parameters, such as.

1.	 The number of trees represents the total number of decision trees useful for creat-
ing the forest;

2.	 The maximum depth of each tree limits the maximum depth that can be reached 
by each tree in the forest. It sets the maximum number of internal nodes (from 
root to leaves) or the number of levels in the decision hierarchy;

3.	 The minimum simple count establishes the minimum number of observations that 
must be present in a leaf node.

Fig. 4   Sample of areas used as training data with classes: ground, low vegetation, high vegetation and 
buildings
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In practice, an evaluation criterion (such as accuracy) is defined and the space 
of possible hyperparametric values is systematically explored to optimise it 
(Probst et al., 2019; Zhu et al., 2022a).

The training dataset was split into 70% training and 30% testing in order to 
self-assess the results to determine the best approach to extend to the whole data-
set. The first classifiers tested were those with values 1 to 8 (see Table 1). Then, 
the best one was chosen (run 8, highlighted in bold) and reapplied by varying the 
parameters of maximum depth and minimum simple count (runs 9 and 10).

The classification algorithm was then evaluated using (Table 1, Figs. 5 and 6):
1. Precision (P): the ratio of correctly predicted positive observations to total 

predicted positive observations. It indicated the real positive. In the following 
formula, P is the precision score, and TP and FP are the true-positive and false-
positive predictions, respectively, according to (3):

2. Recall (R or sensitivity): the ratio of correctly predicted positive observa-
tions to all true-positive observations. It is a measure of how many actual positive 
instances were correctly predicted. Where R is the recall score, and TP and FN are 
the true-positive and false-negative predictions, respectively (4):

3. The F1-score: a metric that considers both precision and recall to provide a 
balanced measure of a model’s performance. It is particularly useful when deal-
ing with unbalanced data sets (5):

(3)P =
TP

TP + FP

(4)R =
TP

TP + FN

(5)F1 = 2 ∗
Precision ∗ Recall

Precision + Recall

Table 1   Classifications and values used

The run (no. 8) with the best result is highlighted in bold

Classification name Number of trees Max depth Minimum simple 
count

Overall accuracy

Run 1 5 25 10 0.822282
Run 2 10 25 10 0.835758
Run 3 25 25 10 0.84749
Run 4 50 25 10 0.849206
Run 5 100 25 10 0.849696
Run 6 150 25 10 0.849879
Run 7 200 25 10 0.850008
Run 8 250 25 10 0.850287
Run 9 250 50 10 0.849777
Run 10 250 50 20 0.849777
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4. Overall accuracy: where TP and TN are true-positive and true-negative points, 
and FP and FN are false-positive and false-negative points (6):

Once these analyses were completed, the run 8 classifier was still the best in 
terms of accuracy and was applied to the entire point cloud. Once the entire dataset 
was segmented, a DSM (digital surface model), a DTM (digital terrain model) and a 
DFM (digital feature model) were extracted.

Improving the Visibility of Features of Archaeological Interest

The data thus filtered were then exported as DSM (digital surface model), DTM 
(digital terrain model) and DFM (digital feature model) (Guth et al., 2021). Digital 
files were exported with a resolution of 0.2 m/pixel.

DTM and DFM were subsequently subjected to different operations to improve 
the rendering and visibility of archaeological features. The operations were of two 
types: (1) noise reduction and (2) creation of DTM/DFM models derived from dif-
ferent visualisation techniques. Noise and speckle reduction was performed with the 
GRASS GIS operator, using an Enhanced Lee filter (function in QGIS) (Lee, 1980). 
The second operation performed on the DTM/DFM after filtering with the Enhanced 
Lee filter was the creation of different derivatives, based on visualisation techniques 
in RVT (Relief Visualisation Toolbox) v. 2.2.1. These techniques are generally based 
on how the illumination interacts with the DTM points. The open-source tool RVT 
was used for this task (Kokalj et al., 2020), and the products described in Table 2 
were processed:

1.	 Hill shading (HS) analysis stands out as one of the first analytical approaches 
applied in DTM, DSM and DEM research. In the HS method, the calculation 
involves determining the shadows cast by the terrain morphology. Multiple HS is 
similar to HS, but simulates light coming from multiple directions. Because of the 
constraints inherent in HS, the literature has introduced a multi-analytic iteration 
of HS to address the need to highlight hidden features. This alternative approach 
involves calculating several HSs, each derived from different light source direc-
tions. Various methods can be used to amalgamate these resulting HSs, including 
principal component analysis (PCA) (Kokalj & Hesse, 2017).

2.	 The gradient of the slope (Slope) indicates the maximum rate of change between 
each cell and neighbouring cells and can be calculated either as a degree of slope 
(as in this particular tool) or as a percentage of slope. When represented in an 
inverted grayscale, where steeper slopes appear darker, slope provides a flex-
ible representation of terrain morphology. However, slopes with the same slope, 
regardless of whether they are uphill or downhill, are represented with the same 
colour (Kokalj & Hesse, 2017; Vianello et al., 2009).

3.	 Simple local relief model (SLRM), a method designed to accentuate small fea-
tures in a LiDAR-derived DEM, aims to minimise large-scale landscape shapes 

(6)Overallaccuracy =
TP + TN

TP + TN + FP + FN
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to emphasise smaller-scale details. The approach involves generating SLRM by 
subtracting the original DTM, DSM or DEM from a filtered and subsequently 
smoothed version. The crucial parameter of this method is the filter radius, which 
significantly influences the results of the process (Danese et al., 2022; Hesse, 
2010; Toumazet et al.,.2017)

4.	 The sky-view factor (SVF) evaluates the extent of the visible sky observable 
from each pixel within the study area. Two essential parameters are required to 
calculate the SVF: a fixed light source, similar to hill shade, and a distance from 
the light source to the destination pixel, similar to the search radius concept in 
aperture analysis. The output raster provides values ranging from zero, which 
indicates complete obstruction of sky visibility, to one, which indicates fully open 
sky visibility (Zakšek et al., 2011).

5.	 Openness is a measure of the topographic visibility of a region. Specifically, it 
indicates the prevalence of coverage for all pixels within a raster, calculated from 
designated observation points characterised by different azimuth and nadir angles. 
Topographic openness comes in two forms: (1) positive openness (OP) and (ii) 
negative openness (ON). OP is calculated from the perspective of an observer 
above the surface of the DTM, DSM or DEM, while ON is calculated below the 
surface. From these perspectives, high values of OP draw attention to convex 
shapes, while higher values of ON emphasise concave shapes (Doneus, 2013; 
Yokoyama et al., 2002).

6.	 The local dominance (LD) is used to assess whether the morphology of a region 
has convex or concave features. It works on the principle of pixel dominance, 
where a selected pixel acts as a position of observation, examining the surround-
ing area within a specified search radius. High values of LD indicate a wide angle 
of visibility from the pixel and thus are indicative of prominent peaks. In contrast, 
low LD values are indicative of terrain depressions (Lasaponara & Masini, 2009).

All the data thus produced were subsequently used within a GIS platform (QGIS) 
to be used as a basis for the identification of features of archaeological and morpho-
logical interest by means of archaeological autopsy feature interpretation.

Results

The approach used in the point cloud classification phase made it possible to evalu-
ate the 3DMASC tool in the context of acquisitions for archaeological purposes in 
a mixed natural/urbanised scenario with an abundance of high vegetation and low 
vegetation, predominantly Mediterranean scrub (Fig. 7).

Fig. 5   Confusion matrix: each column of the matrix represents the number of predictions for each class, 
while each row represents the instances in the actual class. The cells on the main diagonal (top left to 
bottom right) show the number of times the classes were correctly predicted (TP for that class). The 
classes refer to ‘Ground’, ‘Low Vegetation’, ‘High Vegetation’ and ‘Buildings’

▸
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Fig. 6   Confusion matrix for evaluation from run 1 to run 8 (precision, recall, F1-score)
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Table 2   DFM (RVT software) derivatives

Visualisation method Parameters

Analytical hill shading Sun azimuth (deg): 315; sun elevation angle (deg): 35
Hill shading from multiple directions Number of directions: 16; sun elevation angle (deg): 35
PCA of hill shading Number of components to save: 3
Slope gradient No parameters required
Simple local relief model Radius for trend assessment (pixel): 40
Sky-view factor Number of search directions: 16; search radius (pixel): 40
Openness positive Number of search directions: 16; search radius (pixel): 40
Openness negative Number of search directions: 16; search radius (pixel): 40
Local dominance Minimum radius: 20 and 40; maximum radius: 40

Fig. 7   3DMASC classification results in CloudCompare (top view)
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Of the classifiers used, number 8 (run 8, Table 1) was the one with the best per-
forming statistics with an overall accuracy equal to 0.850287. In the classifier, good 
values of accuracy, recall and F1-score were obtained from the Ground, High Veg-
etation, and Building classes, while the Low Vegetation class presents relatively low 
values in all of them (Fig. 5, run 8).

The computed features used for classification contributed to object identification 
to varying degrees, though not all in the same way. Their importance is primarily 
influenced by the radius of feature computation, which is closely related to the res-
olution of the input point cloud (with 0.1  m/pixel being the minimum resolution 
used). The 3DMASC tool also provides and outputs indicating the relative impor-
tance of each computed feature played within the classification process, highlighting 
those that played a major role. This allows users to refine their analysis by removing 
less significant features, potentially improving classification accuracy (Fig. 8).

The result of all the processes described led to the creation, on the one hand, of a 
high-resolution georeferenced orthophoto of the entire site (Fig. 9) and, on the other 
hand, the creation of a high-resolution DSM and DFM (Fig. 10), result of machine-
learning segmentation operations.

Furthermore, the use of RVT and the different DFM data visualisation enhance-
ment models (Fig. 11) allowed for an increase in the visibility potential of archaeo-
logical features to the benefit of the mapping carried out in QGIS by archaeologists.

The analysis of the derived DFMs revealed several elements of archaeologi-
cal interest, as well as multiple features that would suggest the presence of bur-
ied elements, mainly characterised by microtopographic relief, in accordance 
with the use of these data in archaeology (Vitale et al., 2023). These can only 
be partially assumed from the RGB orthophoto analysis and are clearly visible 
in the LiDAR. Some illustrative examples are those shown in Fig. 12, such as 
(1) the settlement’s defensive walls (Fig. 12a, red arrows) or the access routes 
to the inner area of the site (Fig. 12a, white arrows); (2) buried structures, of 
which only a few stones emerge (Fig.  12b); (3) the inner defence system and 
the access structures to it (Fig. 12c, red arrows), as well as structures that prob-
ably pre-date the present-day settlement of the site near the St. John Church 
(Fig. 12c, blue arrows); or (4) facilities probably later than the main defensive 
installation (Fig. 12d, red arrows).

The dataset, inserted within the QGIS platform, allowed the generation of a map 
based on the archaeologists’ experience at the site and the mapping of several fea-
tures of archaeological interest. Figure 13 represents a summary map of the results 
and shows evidence mainly related to (1) boundary walls (e.g. Figure  13a–c, f), 
(2) vegetation-covered structures (e.g. Figure 13d), (3) terracing system (e.g. Fig-
ure 13e), (4) probable quarry fronts and (5) paths and access routes. It also shows 
some points considered interesting for the presence of microtopography of a pos-
sible anthropic nature, to be further investigated in future archaeological surveys.
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Fig. 8   Run 8: a feature importance; b category importance
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Discussion

The Machine‑Learning Approach in 3DMASC

The Random Forest approach used by the 3DMASC classifier proved useful in 
extracting the data needed to create a DFM useful for archaeological research. Some 
considerations can be made regarding the classifications performance (Table 1 and 
Figs. 5 and 6):

	 (i)	 Overall Performance:

•	 The most recent runs, such as runs 8, 9 and 10, show generally higher accu-
racy, precision, recall and F1-score metrics than the initial runs. This suggests 
that improvements have been made in the model over time.

Fig. 9   RGB high-resolution orthophoto
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Fig. 10   a DSM; b DFM



	 N. Abate et al.38  Page 22 of 34

Fig. 11   DFM process-derived LiDAR from RVT:  a HS; b SLRM; c SVF; d OP; e ON; f LD
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•	 The improvement is particularly evident in the ‘Ground’ and ‘High Vegeta-
tion’ classes, where F1-score and precision scores are among the highest in 
runs 8–10.

•	 In general, however, there seems to be an improvement of a few percentage 
points between runs.

	 (ii)	 Performance of the Classes:

•	 The results for the ‘Ground’ class show a steady increase in performance, 
with accuracy and F1-score gradually improving from run 1 to run 10. This 
indicates an increased ability of the model to correctly identify this class.

•	 Performance for the ‘Low Vegetation’ class was more volatile. In the initial 
runs, accuracy and recall scores were lower, but showed gradual improve-
ment in subsequent runs, especially from run 5 onwards. However, the class 
remains the most difficult to classify correctly.

•	 The ‘High Vegetation’ class showed solid performance in almost all runs, 
with high accuracy and recall values. This suggests that the model can dis-
criminate this class well from the others.

Fig. 12   Difference between RGB and DFM LiDAR-derived output useful for identifying features of 
archaeological interest, some examples: a RGB vs SLRM; b RGB vs LD; c RGB vs OP; d RGB vs SVF
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•	 The scores for the class ‘Building’ improved over the runs, especially with 
regard to recall, signalling an increasing ability of the model to correctly 
detect buildings.

	 (iii)	 Metrics Trend:

•	 Accuracy: In general, accuracy increased in almost all classes from run 1 to 
run 10. This indicates that the model has reduced the number of false posi-
tives.

•	 Recall: Recall showed significant improvements for the Ground and Building 
classes, signalling an increase in the model’s ability to capture true positives.

•	 F1-score: The most recent runs, particularly runs 8, 9 and 10, have the highest 
F1-scores, suggesting a better balance between accuracy and recall.

	 (iv)	 Variability between Runs:

Fig. 13   Summary map of features identified by archaeologists autopsy using DFM data derived in QGIS
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•	 In the initial runs (1–3), the metrics are generally lower and show more vari-
ability, suggesting that the model or data were not yet optimised. In later 
runs, performance became more stable and consistent. Between 150 and 250 
trees, however, a plateau was observed in the model, which, on the contrary, 
by changing the other parameters had a decrease in its performance (see 
Table 1).

•	 Improvements could be the result of changes in feature selection, data quality 
or model training strategy

Other considerations deserve the calculated features and their importance in the 
context of classification, in particular for run 8 used as a classifier as it is considered 
to perform better than the others (Fig. 8):

(i)	 Distribution of Importance:

•	 The features show a rather wide range of importance, with some contributing 
significantly to the model, while others have a relatively low impact.

•	 Features with higher importance values account for about twice or more of 
the features with lower importance, indicating that there are some key fea-
tures on which the model relies more heavily.

(ii)	  Dominant Features:

•	 Among the categories, there are some obvious differences, with categories 
such as ‘PCA’ and ‘Dip’ tending to have a greater impact than others.

•	 In particular, features related to the category ‘PCA3’ and ‘Dip’ show increas-
ing importance as the scale changes, suggesting that these features are more 
influential in the evaluation of the model.

(iii)	 Scale Influence:

•	 Features calculated at larger scales (e.g. SC1.4 or SC1.6) tend to show greater 
importance than those calculated at smaller scales (such as SC0.2 or SC0.4). 
This suggests that information on a larger scale may be more relevant for the 
model in recognising features of interest.

(iv)	 Categories with Lesser Importance:

•	 Some categories, such as ‘RetNb’ and ‘NormDipDir’, show relatively low 
importance, suggesting that they may not contribute significantly to the pre-
dictive ability of the model. They might be candidates for removal during the 
optimisation phase.

(v)	 Grouping:

•	 Grouping the features by category, some trends emerge. Categories with more 
features of high importance  tend to dominate the overall contribution of the 
model. This highlights the importance of considering which  categories are 
most representative for the problem at hand.
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The Archaeological Interpretation

The analysis conducted at the Kastrì-Pandosia site and the merging of heterogene-
ous data from multiple sources has allowed to deepen our current knowledge of the 
topography and general layout of the site itself, the surrounding landscape and the 
dynamics of human–land interaction. This approach has been useful mainly in cre-
ating a georeferenced database on which different information, acquired at differ-
ent times, in different ways and through different processes, can be superimposed 
simultaneously. Most of the information was certainly provided by the LiDAR 
datum, which allowed us to appreciate on a site scale: (1) features that were not 
visible because they were covered by vegetation and (2) topographic features that 
were not immediately intelligible from RGB orthophotos and/or physical on-site 
survey. The hill appears as a complex, multi-layered site. LiDAR data highlight an 
articulated situation consisting of three different defensive walls, almost concentric, 
protecting the different areas of what must have been the ancient context of Kastrì-
Pandosia. Also evident from the analysis of the data are multiple features related 
to paths (access to the different areas of the site) and terracing, already present in 
ancient times. Similarly, it is possible to assume the presence of multiple buildings 
close to the access routes (Fig. 13, near the dotted green lines) or the walls, perhaps 
used for control purposes. Of great interest is the situation that can be observed on 
the hilltop, near the church of St. John, where the analysis of LiDAR data shows 
the presence of a large quadrangular structure, of which only a small portion can 
be observed in the eastern sector of the hilltop (Fig. 12c, Fig. 13d). The central area 
of the Kastrì-Pandosia hill, on the other hand, is characterised by the presence of 
several terraces and multiple structures, the latter of which can be hypothesised 
from the micro-reliefs, which seem to partly trace the style and orientation of those 
currently being excavated, albeit with differences dictated by the adaptation of the 
building to the morphology of the site (Fig. 13e).

Conclusions

The approach based on LiDAR data from UAS, probabilistic machine learning and 
open-source tools for DFM enhancement provided excellent results in the identifica-
tion of features of archaeological interest on the hillside of the Katrì-Pandosia site in 
Greece.

In particular, the open source 3DMASC plug-in included in the new versions 
of CloudCompare and its Random Forest–based machine-learning algorithm are 
particularly well suited to the needs of an archaeological user without advanced 
programming skills. This fully open-source tool proves easy to handle to initiate 
(1) training creation, (2) feature calculation, (3) algorithm training and (4) model 
application. The plug-in used, while being accessible from python consoles, is 
a user-friendly tool as it has a simple graphical interface like any other software 
and does not require programming, or having to go through different software, to 
initiate the processes useful for Random Forest classification. The probabilistic 
machine-learning algorithm also offers the user the possibility of evaluating the 
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goodness of the model each time and returns the statistics obtained from each 
process on screen and in text format. In this way, the user can modify the training 
sets, the statistics and the parameters to be employed (e.g. the number of trees) 
to improve the classification model, being fully aware of the effects produced by 
these actions.

Although this process is slower to apply than other open-source tools (e.g. 
LASTools or CloudCompare’s CSF), it is more controllable and suitable for the 
segmentation of multiple classes within the point cloud. Furthermore, it can be 
successfully incorporated into the operational chain of LiDAR data processing 
together with free tools (e.g. RVT) to enhance DTM and DFM data and extract 
useful information for archaeology.

To date, there are high-performance solutions for managing and processing 
LiDAR data, both (1) licenced software and (2) open-source tools based on deep 
learning and neural networks. However, these two categories of approaches have 
their pros and cons:

1.	 Commercial or licenced software (e.g.GreenValley LiDAR 360, Blue Marble 
Global Mapper) provides powerful and precise tools, optimised specifically for 
LiDAR data management, as well as a wide range of integrated functions already 
structured, such as the possibility of using ad hoc segmentations for certain types 
of scenario or object (e.g. mines, quarries, trees, buildings, cars). On the other 
hand, of course, there is the cost of licences and software that researchers cannot 
always afford.

2.	 Deep learning–based open-source tools (e.g.CNN, YOLO, Tensorflow) are 
cutting-edge, high-performance tools, offering potentially more sophisticated 
analyses and better management of complex data sets. These tools are extremely 
flexible and can be customised to the researcher’s needs. On the other hand, to 
use these tools effectively, users must have a good knowledge of programming 
and the principles of deep learning, which can be a significant obstacle for those 
without a technical background. In fact, most deep learning tools do not offer the 
kind of graphical user interface typical of commercial software, which can make 
them less accessible to non-programmers.

On the contrary, tools such as the CloudCompare 3DMASC plugin aim to fill 
these gaps by offering a user-friendly and affordable solution that does not require 
in-depth technical skills, making it an interesting option for users who need sim-
ple functionality without the complexity and cost of other approaches.

Due to its ease of use, the tool is re-applicable to all archaeological contexts 
under vegetation or for any data coming from point clouds (e.g. bathymetry).

Another observation from using this approach is the optimal resolution of the 
point cloud and scale of analysis. In fact, as can be deduced from the discussions 
on the optimal scale to obtain good results, excessive resolutions of the point 
cloud and feature calculation scale do not necessarily generate the best results.

The results obtained on the data collected at the Kastri-Pandosia site show how 
this operational chain, completely based on an open source approach, can provide 
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significant improvements to the knowledge of sites under vegetation. The results 
of a good segmentation based on the probabilistic machine-learning approach 
of the 3DMASC tool in CloudCompare, combined with the data enrichment 
obtained through the open-source tool RVT, allowed for the reconstruction of a 
large part of the topography of the archaeological site that was as yet unknown 
due to the vegetation. In particular, information on the development of the walls 
and defensive structures has been greatly expanded in comparison to the current 
state of the art obtained only with the canonical tools of the archaeologist such 
as RGB orthophoto analysis and field surveys. Figure  13 represents the inter-
pretation of some of the features identifiable on LiDAR products and attribut-
able, according to the archaeologists involved in the research, to the archaeologi-
cal datum (in red), the modern datum (in orange) or still uncertain. LiDAR has 
proven to be a useful tool for an indirect approach to understanding the archaeo-
logical context. However, although some of the evidence has been validated on 
the ground, much of it could not be reached due to the extent of the site and the 
difficulty and danger of reaching certain areas, as they are full of vegetation (par-
ticularly trees and scrubland) and unsafe areas.

This approach is extremely useful in the field of archaeological research and 
has numerous pros, such as (1) being able to analyse hard-to-access contexts, (2) 
being able to investigate contexts under vegetation, (3) having an overview at 
the site and landscape scale and (4) having a high-resolution topographic datum. 
However, the approach also has several cons, such as (1) the LiDAR datum which 
is itself a datum that is used in inaccessible contexts and the map is the result of 
the interpretation of expert eyes since it is physically impossible to extend area 
validation, for instance in the current state of processes and without further and 
more complex processes the classifier does not distinguish between structures, 
whether modern or ancient, since it labels in that class everything that has certain 
parameters; (2) high cost of equipment.
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