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imitating human intelligence(e.g., Dey, 2016;
Copeland2020).

Over the past three decades, applications of
machine learning(ML) methods have seen signi� cant
increase in Archaeology. ML algorithms such as sup-
port vector machine(Cortes and Vapnik1995; Kao
et al 2004) random forests(Ho 1995; Ho 1998),
K-means(Caoet al2009; Jin and Han,2011; Qi et al
2017) and other similar approaches have been widely
adopted with considerable success in detecting or clas-
sifying archaeological sites, and artifacts(e.g., Kintigh
and Ammerman 1982; Baxter 2009; Menze and
Ur 2012; Floreset al2019; Orengoet al2020). These
methods, often referred to as traditional ML algo-
rithms, require the careful selection of input features
(e.g., various spectral indices in satellite imaging) by
human-experts, that are important for the outcome.
Then through an iterative optimization process by the
input of exemplar data the algorithm is trained
based upon multivariate statistics and progressively
improves its performance. Since it requires the deter-
mination and the prior calculation of a range of possi-
ble statistically signi� cant input features, it inevitably
suffers from a level of bias as although the training
procedure can point out which from the features are
statistically insigni� cant, it cannot suggest, or extract
features different than the provided ones. Also, the
relatively limited number of the features in most appli-
cations often cannot fully describe the targets at
different situations or environmental conditions.
Therefore, the applicability of these algorithms is often
limited to speci� c cases and restricts the identi� cation
to features with limited spectral and geometric
variations.

In the early 2000s a new machine learning technol-
ogy emerged known as Deep Learning(DL) based on
Arti� cial Neural Networks(ANN), and in the case of
image applications, Convolutional Neural Networks
(CNNs). This new technology was largely based on the
seminal work of Fukushima(1980) as well as Hubel
and Wiesel(1959) that introduced the‘neocognitron’
(Fukushima1980; 1983; 2003) and established the use
of convolutional and down-sampling layers. In 1986,
Rina Decher was one of the� rst to use the term‘deep
learning’ to the machine learning community, in
which ‘deep’ was used to describe the use of multiple
layers in a network. Later, Waibel(1987) proposed the
time delay neural network(TDNN), one of the� rst
convolutional networks followed by LeCunet al
(1989) who applied that in a handwritten character
recognition problem using a 7-level Convolutional
Neural Netowork(CNN), called LeNet-5(LeCunet al
1998). A signi� cant advantage of deep learning meth-
ods is that the feature extraction and selection stage is
performed by the learning algorithm automatically
and not by a person. Yet, this usually requires sig-
ni� cant amounts of labeled data and considerable
computational resources for the training process. The
utilization of GPUs in the training process was the

turning point for using CNNs in image recognition. In
the 2012 ImageNet competition, the� rst CNN ever
submitted, named AlexNet(Krizhevskyet al 2012),
won the competition. The training of AlexNet used
over one million labeled images about� 1000 object
categories and took� 6 days using 2 GPUs(Krizhevsky
et al2012). Since then, deep neural networks have won
many international pattern recognition competitions
and have attracted broad attention, by outperforming
legacy machine learning methods and handling better
large amounts of data with minimum user interven-
tion (Schmidhuber2015). As such, they offer con-
siderable potential for archaeology.

Among the common tasks assigned to deep learn-
ing CNN networks are image classi� cation, object
detection, and semantic segmentation. Classi� cation
is a basic process routinely performed in archaeology
with the objective of classifying groups of images that
share some common features, or objects into one of a
number of prede� ned classes. For example, AI meth-
ods have been used to analyze use-wear on lithic tools
(e.g., Van den Dries1998) and to classify and identify
types of pottery(e.g., Hörret al2008; Anichini et al,
2021; Pawlowicz and Downum2021). Caspari and
Crespo(2019), used an object-detection based method
to identify Iron Age burial mounds in aerial imagery.
More recently, Agapiouet al(2021) applied the object
detection method to detect surface ceramics in drone
images. Finally, semantic segmentation algorithms
attempt to analyze images further, by partitioning
them into semantically meaningful parts and after-
wards by classifying each part into one of the‘X’ pre-
determined classes i.e., interpretable image regions for
instance, archaeological sites, regions of vegetation,
modern structures and others(e.g., Garcia-Garciaet al
2018; Minaee et al 2020). Semantic segmentation
operates at pixel-level in the sense that each pixel of an
image is labeled according to the class it belongs to.
This makes semantic segmentation a much more
complicated and computationally intensive task, yet it
can produce more informative and detailed results
compared to classi� cation and object identi� cation
(e.g., Kendallet al 2015; Garcia-Garciaet al 2018;
Minaeeet al 2020). The value of this approach for
geophysical analysis has been demonstrated in the
work of Küçükdemirci and Sarris’s (2020) using
ground-penetrating radar images.

For all this success, only recently there have been
limited yet increasing work adopting CNN approaches
for the automated detection of archaeological sites
(Trier et al2018; Caspari and Crespo,2019; Kazimi
et al 2019; Lamberset al 2019; Rayneet al 2020;
Somraket al2020; Soroushet al2020; Bonhageet al
2021; Verschoof-van der Vaart and Landauer2021)
from Earth observation(EO) data. In part, this is due
to the need for an abundance of labeled data to enable
the CNN to accurately identify different signatures.
For example, ImageNet, an openly available visual
database designed for use in everyday contemporary
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object recognition comprises 14,197,122 images(Rus-
sakovskyet al2015). It is this volume of labelled data,
which has enabled rapid advances in the use of CNN in
day-to-day tasks. In archaeology however, similarly to
other � elds, the amount of freely available, properly
labeled data is currently limited. Furthermore, online
sharing of such data is often restricted by con-
� dentiality issues that arise often from local legisla-
tion, related with the effort to protect these sites from
looting.

In this paper, we offer a route forward by using
openly available satellite high spatial resolution ima-
gery and through examining two neural network
architectures: The SegNet(Kendallet al2015), a deep
convolutional encoder-decoder architecture for
robust semantic pixel-wise labeling; and a custom
8-layer CNN designed for this research(SimpleNet).
We also open-up access to these tools through provid-
ing a packaged application(supplementary informa-
tion) allowing readers to run their own analysis,
helping them to evaluate the strengths and weaknesses
of this network and begin a more open and inclusive
conversation about their use in archaeology.

2. Convolutional neural networks(CNN)

In this section we brie� y introduce the fundamental
concepts of CNNs. Although a more extensive pre-
sentation of CNNs is beyond the scope of this work,
the interested reader can� nd detailed introductions
focusing on various aspects of CNNs in several works
including, Nielsen(2015); Wu (2017); Alzubaidiet al
(2021); Li et al (2021); and Ulku and Akagün-
düz(2022).

Deep learning algorithms are a type of machine
learning technique that uses ANN of several layers in a
hierarchical architecture to enable machines to pro-
cess data in a nonlinear manner. Arti� cial neural net-
works consist of circuits of simple, yet highly
interconnected, nodes to selectively transmit signals in
a process that mimics the biological neurons
(Hop� eld1982), thereby simulating the way biological
neural networks work. These nodes are organized in

layers which process information by outputting
dynamic state responses to external inputs(commonly
a response from a previous layer). Data are introduced
to the ANN through an input layer and results deliv-
ered with a� nal output layer. All intermediate layers
are termed hidden layers, which carry out all the pro-
cessing. The larger the number of hidden layers, the
‘deeper’ the network, enabling the identi� cation pro-
gressively of more complex patterns and details. For
example, the� rst layer may learn recognizing edges in
an image, the second shapes, the third objects and
so on.

Information is passed between layers through con-
nections that are characterized by weights and biases,
so that the received total output corresponds to a
weighted sum of individual node-inputs, plus some
bias. The result output may or may not exceed a
threshold de� ned by a pre-set activation function such
as a sigmoid or most commonly a recti� ed linear acti-
vation function(ReLU; see below), essentially deciding
if this information should be transmitted to the next
layer(forward passed), as it is or in a modulated form,
or rather � ltered out. The optimal values of each
weight and bias are de� ned by the training of the net-
work: a non-linear optimization process whereby a
cost function representing the distance between train-
ing labeled data and that predicted by network results
is minimized.

The number of required deep layers within the
network, and therefore indirectly the number of
unknowns (i.e., parameters that are to be tunned
through the training), depends on the complexity of
the patterns to be identi� ed and the amount of labeled
data. At present, a limited number of labelled images
for archaeology imposes a requirement for careful
design of learning networks, keeping the number of
layers and connections low enough to ensure that the
optimization problem of network training is not
under-determined i.e., the number of unknown para-
meters exceed the number of data and prior con-
straints that are used to regularize/ stabilize the
training and reduce the generalization error(over-
� tting) (e.g., Goodfellowet al2016).

Figure 1.Demonstration of the convolution of an image with an edge detection� lter. On the left is the initial image, in the middle is an
edge detection� lter and on the right is the resulted image, which shows the edges of the initial image.
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Here we examine two different, supervised, fully
convolutional, neural networks: one based on the
architecture of Semantic Segmentation called SegNet
(Kendallet al2015; Badrinarayananet al2017); and
the other a custom 8-layer network developed by the
authors called SimpleNet. Both are fully convolutional
neural networks, a category of network consisting of
locally connected layers so that each neuron only
receives input from a small local subgroup of the pixels
in the input image. Such Layers can perform convolu-
tion/ deconvolution, pooling(i.e., a sample-based dis-
cretization process that effectively down-samples the
image) and up-sampling, but not containing fully con-
nected layers, and thus requiring signi� cantly less
memory and computational power(Longet al2015).
Semantic segmentation algorithms have been used
widely in classifying features in various remote sensing
images including high resolution Google Earth images
(Yu et al2021). Additionally, the custom 8-layer net-
work was designed to be implemented for the low
number of labeled data used in this work. In the fol-
lowing sections, we describe the architecture and func-
tionality of these two networks.

2.1. SegNet
SegNet is a deep fully convolutional neural network
that segments the image by classifying each pixel
independently. It consists of an encoder network with
13 layers, each designed for object classi� cation. Each
layer is convolved using a set of 2D� lters to produce a
set of feature maps of increasing complexity as
described previously. These maps are later batch
normalized i.e., to have a mean output close to 0 and
the output standard deviation close to 1. Next, a ReLU
activation function is applied followed by down-
sampling using a max pooling layer with a 2�× �2 non
overlapping window(Kendallet al2015; Badrinaraya-
nan et al 2017). The ReLU activation function is a
linear function that outputs the input if it is positive, or
else, outputs zero(Haraet al2015). The max pooling
function calculates the maximum, in each patch of
each feature map(Chollet2017). In the� nal layer the
resulting output, from the previous step, is sub-
sampled by a factor of 2 while the boundary informa-
tion is also stored. This is crucial as during the
successive down-sampling operations the high fre-
quency details of the image are lessened resulting in

Figure 2.Architecture of the 8-layer convolutional neural network.

Table 1.Archaeological sites in Peru used to train the algorithm.

Archaeological areas & sites Coordinates WGS84(centre point) Period

La Centinela(Chincha Valley) � 13.450385,� 76.171092 Inca(AD 1476–1532) Late Intermediate(AD 1000–1476 AD)
Cahuachi(Nazca Valley) � 14.818241,� 75.117462 Early Intermediate(c. 200 BC–AD 600)
Caral(Supe Valley) � 10.890938,� 77.521858 Late Preceramic(c. 3000–1800 BC)
Tambo Colorado(Pisco Valley) � 13.704619,� 75.829431 Inca(AD 1476–1532)

Table 2.Additional archaeological sites(areas) in Peru to further train the algorithm.

Archaeological areas & sites Coordinates WGS84(centre point) Periods

Various(Lower Ica Valley) � 14.614319,� 75.614994 Various(1800 BC–AD 1534)
Nazca Geoglyphs(Pampa de San José, Nasca Valley) � 14.696486,� 75.178422 Early Intermediate(200 BC–AD 600 AD)
Cerro Sechín(Casma Valley) � 9.480703,� 78.258997 Initial Period(1600 BC)
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blurry and inaccurate boundaries. However, bound-
aries are important in small objects and structures
such as buildings, cropmarks etc and by storing this
information it can be retrieved during the decoding
stage.

The network consists of 13 decoder layers each one
corresponding to its respective encoder layer. The role
of the encoder layers is to semantically project the
lower resolution features extracted(learnt) by the
encoder, onto the higher resolution image space to get
a dense classi� cation, i.e., a classi� cation for each pixel
in the original sized image. Each decoder layer pro-
duces dense feature maps(images) by up-sampling its
input feature maps(the output of the previous layer)
using the memorized max-pooling indices produced
on the previous stage. Then convolution is applied
using a trained dictionary of� lters to produce dense
feature maps. The� nal decoder output is fed into a
SoftMax classi� er, i.e., a layer that assigns each pixel
independently to a class according to a probability
score among the candidate classes(e.g., Nielsen2015;
Alzubaidiet al2021).

2.2. A custom 8-layer convolutional neural network
(SimpleNet)
Since the amount of labeled data available for archae-
ology is limited, we constructed a custom 8-layer
convolutional neural network(SimpleNet), based on
the SegNet architecture with the aim of keeping the
number of layers and trainable parameters as low as
possible while achieving adequately accurate results.
The� rst layer is an image input layer that receives RGB
images. The next layer is a convolutional layer with 32
trainable� lters applied in a non-overlapping moving
window of size 5�× �5 and with stride 1. Stride shows

how much the� lter shifts around the input volume(in
our case it shifts by one unit) while the � lter
approximates the Laplacian(i.e., a 2D second spatial
derivative) of the Gaussian operator and essentially
when convolved with an image derives as an output an
approximation of its second spatial derivative. This
means that in regions where the image has constant
intensity the� lter’s response will be zero. In regions
where the intensity(i.e., pixel brightness) changes
rapidly, however, such as at the edges of an object, the
� lter’s response yields high amplitudes(� gure1).

The� lters can be conceived of as 2D images whose
shape and color are adjusted through the training pro-
cess to optimally express different features of the data
(e.g.,� gure2). Next, a recti� ed linear unit(ReLU) is
applied followed by a max-pooling with a 2�× �2 non
overlapping window with stride 2 and a padding with
0’s. This is the most common con� guration as it dis-
cards the 75% of the activations in an input image due
to down-sampling by 2 in both width and height. Fol-
lowing this, a transpose convolution is applied with
the same number of� lters and a window with 4�× �4
size and stride 2. Likewise, this is a common con� g-
uration, as the divisibility of the window size by the
stride mitigates the problem of checkerboard artifacts
in the up-sampled image(e.g., Odenaet al2016). The
sixth layer is another convolutional layer of 1�× �1
window size and stride 1. Then, a SoftMax classi� er is
applied, to the� nal output from the previous layer, to
assign each pixel into a class. Finally, the image is seg-
mented into the assigned classes by a classi� cation
layer that calculates the class weighed cross-entropy
loss (e.g., Bishop2006). The 8-layer convolutional
neural network technique is illustrated in� gure2.

Figure 3.A sample of the 2000 Training images, of size 256× 256× 3 pixels(Google Earth imagery), from various archaeological areas
around Peru. The top row shows the initial images and the bottom row the labeled images.
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3. Training and optimisation

3.1. Data
We used openly available high-resolution images from
Google Earth of archaeological sites in Peru as a
training set for both networks. This geographical
region was chosen for its continued discovery of new
sites using remotely sensed data(Ruggles2015;
Bikouliset al2018; Cigna and Tapete2018) and the
availability of data from previous large-scale archae-
ological terrestrial surveys for evaluation purposes.

Initially, we labeled 500 images from 4 different
archaeological sites,(table 1). A small part of the
Tambo Colorado archaeological site was then used to
train the algorithm and a larger area of the same site
for testing.

Later, we augmented the original 500 images with
a further 1500 from wider archaeological areas and
sites across Peru to further train the algorithm(table2)
and check its performance as the number of labeled
data increase. These additional images consist mostly
of geoglyphs(usually linear features) marked in open
desert pampa environments. Figure3 shows some
samples of labeled images used in this work.

3.2. Optimisation process
The data were labelled with the ImageLabeler program
in Matlab 9.6 using four different classes:‘archaeologi-
cal’, ‘modern’, ‘vegetation’ and ‘background’. As
‘archaeological’ we included every target of archae-
ological interest, regardless of shape, condition, color,
period etc We labeled linear, rectilinear, and circular
features that were clearly visible in the Google Earth
imagery, corresponding to a large variety of archae-
ological features. We used such broad terminology
because the target of this work was to further increase
the number of training images available to users in

future, with sub-classi� cation open as an option to
those who wish to make use of the dataset. As‘modern’
we labeled modern structures such as modern build-
ings and vehicles.‘Vegetation’ incorporates areas of
grass, plants, and trees. Finally, as‘background’ we
classi� ed everything else, such as soil, non-paved
roads, and� elds without vegetation. Images in the
initial set of 500 were denoted as D500, and in the
larger 2000 set as D2000. Images for the sites/ areas of
interest were extracted from Google Earth in RGB
(Red, Green, Blue) as jpg� les. Our goal, is to train an
algorithm to use high resolution, freely available
Google Earth images. Unfortunately, Google Earth
does not provide raw images therefore we have to rely
on the already processed images that are made
available through the Google Earth application. It
should be noted here that at present, the high-
resolution images in Google Earth application are not
available in Google Earth Engine and therefore is not
possible to use this environment to train dataset.

Figure 4.Histogram illustrating the number of pixels used in each of the 4 classes for the D500 dataset with orange color and for the
D2000 dataset with blue color.

Table 3.Optimal set of parameters for SegNet, 8-layer D500 and
D2000 networks.

Parameter name Value

Gradient decay factor 0.9000
Squared gradient decay factor 0.9990
Epsilon 1e-08
Initial learning rate 1e-04(D500) and 1e-03(D2000)
Drop rate factor 0.4
Drop period 5
L2- regularization parameter 1e-09
Gradient threshold method Using the L2-norm
Max epochs 30
Mini batch size 5(D500) and 15(D2000)
Shuf� e At every epoch
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Although the native resolution is not provided, we
estimate it at a ground resolution of 0.5m(Airbus
imagery). Next, 256�× �256× 3pixel tiles were gener-
ated from the original images. The labels for each
image were stored in the form of an 8-bit monochro-
matic copy of the image, with 4 distinct intensity
values reserved to represent each one of the 4 different
classes, in addition to the null-intensity that represents
the unlabeled regions of the image. Labeled pixels in
each dataset corresponded to the classes of back-
ground(61.45% and 79.96% respectively); vegetation
(28.24% and 13.72%, respectively); archaeological
(8.41% and 7.94%); and modern(1.90% and 1.38%),

(� gure 4, histogram). To avoid bias in the learning
process due to this imbalance between classes
(Verschoof-van der Vaartet al2020), we weighted each
class by the inverse of its frequency. The weighting was
applied at the last layer of the classi� cation networks,
i.e., the Pixel Classi� cation Layer.

For the training of both networks the Adaptive
Moment Estimation(Adam) optimizer(Kingma and
Ba2015) was used. After multiple tests over both train-
ing datasets(D500 and D2000) and both networks, we
concluded the quasi-optimal set of parameters shown
in table3. These were kept unchanged for both net-
works in subsequent work.

Figure 5.Segmentation of the archaeological site of Tambo Colorado with the 3 trained networks ,(a) Google Earth image(Google
Earth Pro 7.3.2.5776,2019, � 13.704619,� 75.829431, viewed 16 May 2020,� http:// www.google.com/ earth/ index.html� ), (b)
segmented image using the SegNet network,(c) segmented image using the 8-layer network with the D500 dataset,(d) segmented
image using the 8-layer network with the D2000 dataset and(e) the manually segmented image.

7

Surf. Topogr.: Metrol. Prop.10(2022) 044001 A Karamitrouet al

http://www.google.com/earth/index.html


We used the IRIDIS supercomputer of the Uni-
versity of Southampton to train the network. The
training ran in parallel using 12 CPU cores and one

Node with 264 GB of main memory and took approxi-
mately 3 h to complete. For the calculations we used
MATLAB 9.6(2019a).

Table 4.Comparison between the manually labeled image and the segmented images of each trained network for the archaeological area of
Tambo Colorado.

Class Name
True positive % False positive % False negative %

SegNet SN-D500 SN-D2000 SegNet SN-D500 SN-D2000 SegNet SN-D500 SN-D2000

Archaeological Feature 87.41 97.41 97.39 13.97 18.62 16.00 12.58 2.58 2.60
Background 87.45 86.99 88.12 21.67 23.34 23.57 12.54 13.00 11.87
Vegetation 80.67 78.65 77.86 4.696 2.70 2.20 19.32 21.34 22.13
Modern Structure 6.61 9.85 32.74 5.591 1.68 2.39 93.38 90.14 67.25

Figure 6.Segmentation of the archaeological area of Chan Chan with the 3 trained networks.(a) Google Earth image(Google Earth
Pro 7.3.2.5776,2019, � 8.094848,� 79.071257, viewed 16 May 2020,� http:// www.google.com/ earth/ index.html� ), (b) segmented
image using the SegNet(c) segmented image using the 8-layer network with the D500 dataset,(d) segmented image using the 8-layer
network with the D2000 dataset and(e) the manually segmented image.
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