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Introduction

Due to the recent advances of automated cart-based or tractor-pulled multi-sensor collection of ge-
ophysical data (mainly through magnetic and ground penetrating (GPR) techniques), extensive cul-
tural landscapes are scanned creating a massive volume of data. Unavoidably, despite the need of
the final interpretation of the data, namely giving meaning to the actual geophysical features, a pre-
liminary assessment of the geophysical anomalies is required to have an initial evaluation of the
guality of the geophysical anomalies and a preliminary interpretation of the geophysical anomalies.
Thus, the archaeo-geophysical community has started to investigate ways for the automatic recog-
nition of the geophysical anomalies using either object-oriented approaches (Pregesbauer, M.,
Trinks, 1., and Neubauer, W., 2014) or employing Artificial Intelligence (Al) techniques. The later
have been mainly used to GPR depth slices using Machine Learning (ML) and Deep Learning (DL)
techniques (Kugukdemirci and Sarris, 2019, 2020, 2022, Green and Cheetham, 2019, Green 2020,
Manataki, Vafidis and Sarris A. 2021).

The current presentation deals with the experimentation of the application of different Al algorithms
on images produced through the processing of magnetic data from various archaeological sites of
Greece. The aim of the project was to experiment with different Al algorithms to propose different
segmentation maps that could depict archaeological features in compliance to the suggested mag-
netic anomalies.

Methods and Tools

Input data consisted of magnetic images resulting from the magnetic prospection of a humber of
Neolithic settlements (magoules) in the area of Thessaly, Central Greece, that have been prospected
under the IGEAN project (Sarris et al., 2017). Magnetic surveys covered large extents of the interior
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of the settlements and their surroundings. Data were processed according to the pipeline that is
presented by Sarris (2020). Different anthropogenic features were recognized from the particular
surveys including ditches, burnt daub based structures and stone based structures (unburnt houses).

Experiments for the detection of archaeomagnetic features were carried out using different algo-
rithms. Initial efforts were based on Convolution Neural Networks (CNN), based on the U-net archi-
tecture and using 25 different archaeological sites as input data. The advantage of the U-net encoder
is that it is designed to operate with small humber of datasets (Ronneberger, 2015). Due to the
imbalance of classes in the available images, in this part of the experiments, it was considered es-
sential to merge all the three suggested magnetic anomalies (ditches, daub made and stone made
houses) to one category, creating a Boolean mask of the features (annotated data) contained within
the Neolithic settlements. The input magnetic images were grayscale .jpg files (namely 1 channels
raster images) with a resolution of about 4000x4000 pixels each. At the same time, in order to in-
crease the number of the available images, data augmentation was carried out through cropping of
the images and the corresponding masks to smaller tiles, rotation, contrast and noise techniques.

Further trials were carried out through the use of the Random Forest classifier as a supervised ML
classifier technique which is usually applied mainly to segmented single band or multi band images
and based on the training features it classifies the rest of the image avoiding an overestimation of
the classified features. ArcGIS Pro was employed for the particular process. The algorithm is based
on a number of decision trees (the higher the number of decision trees (maximum number of trees)
corresponds to a higher degree of classification accuracy) of different order of importance that derive
for each pixel from the training dataset. By selecting a random subset of the training data and running
the algorithm a number of times, a different decision tree is created and the final classification will
be based on the significance degree of each decision tree avoiding overfitting of the data. In order
to apply the classification scheme, magnetic data were treated as elevation measurements and a
pseudo local relief models (LRM) (Bofinger and Hesse, 2011, Novak, 2014). of the magnetic data
was generated which was subsequently segmented. Classification was based on both the seg-
mented images together with the original images and the results of the supervised Random Forest
classification were compared to the results derived by an unsupervised Isocluster classification (Iso-
cluster of 3, 5, 10 categories).

Discussion of Results

The above processes proved very successful for the segmentation of the geomagnetic features. U-
net experiments were sufficient in delineating anomalies that are correlated to archeological features
in close correlation to the annotated data (Fig. 1). Random Forest classifier refined the classification
of the anomalies. The supervised classification with maximum number of trees 25 and maximum
tree depth of 60 was able to identify the different categories of the anthropogenic features and some
further subtle magnetic anomalies in a much better way than the unsupervised isocluster classifica-
tion (Fig. 2). It is obvious that further experimentation is needs with different Al frameworks (Kiguk-
demirci and Sarris 2022).

The importance of annotating the geophysical anomalies with an archaeological meaning has been
stressed by Verdonck, et al. (2019). It is a crucial step that will lead towards a much better improve-
ment of the application of Al techniques for the segmentation and the preliminary interpretation of
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the geophysical data. Working in this direction, the Digital Humanities Geolnformatics Lab of the
University of Cyprus has created an open access digital depository of annotated datasets (different
categories of features) resulting from various geophysical techniques that can further be populated
with geophysical images and annotated data to be used to the particular processes (geosigha-

tures.ucy.ac.cy).

Original Magnetic Data

Ground truth interpretation map

Predicted interpretation map

Fig.1: Results of U-net architecture for the classification of the geomagnetic anomalies from the Almyros 2 magoula.
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Fig.2: Different stages of the application of Random Forest Classifier to the magnetic data from the Almyros 2 magoula.
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