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1 Preamble

1.1 Purpose
This document provides an overview of the current state (as of September 2021) of the AIARCH project
and outlines its future plans.  

1.2 Reference documents

Table 1: Reference documents

Doc ID Reference

RD1 Convolutional neural networks for archaeological site detection – Finding
“princely” tombs , Caspari et al. Journal of Archaeological Science 110 (2019) 104998, 
2019
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Doc ID Reference

RD2 Machine Learning for Cultural Heritage: A Survey, Fiorucci et al. Pattern Recognition Let-
ters 133 (2020) 102–108 , 2020

RD3 Image Segmentation Using Deep Learning:
A Survey, Minaee et al. ArXiv:2001.05566 , 2020

RD4 U-Net: Convolutional Networks for Biomedical
Image Segmentation, Ronneberger et al. ArXiv:1505.04597, 2015

RD5 A survey on Image Data Augmentation
for Deep Learning, Shorten et al. , Journel of Big Data (2019) 6:60, 2019

RD6 A SURVEY ON DEEP LEARNING - BASED ARCHITECTURES
FOR SEMANTIC SEGMENTATION ON 2D IMAGES, Ulku et al. ArXiv:1912.10230, 2021

RD7 Learning to Look at LiDAR: The Use of R-CNN in the
Automated Detection of Archaeological Objects in LiDAR
Data from the Netherlands, Vaart et al, Journal of Computer
Applications in Archaeology, 2019

RD8 Detecting Classic Maya Settlements with
Lidar-Derived Relief Visualizations, Thompson, remote sensing, 2020

RD9 Semantic Segmentation of Airborne LiDAR Data in
Maya Archaeology, Bundzel, remote sensing, 2020

RD10 LiDAR Market Size, Share & Trends Analysis Report By Product Type (Airborne, Terrestrial), 
By Component (GPS, Navigation, Laser Scanners), By Application, By Region, And Segment
Forecasts, 2020 – 2027, Next Generation Technologies, https://www.grandviewresearch.-
com/industry-analysis/lidar-light-detection-and-ranging-market

RD11 https://en.wikipedia.org/wiki/Neolithic_circular_enclosures_in_Central_Europe

RD12 Baydin, Automatic Differentiation in Machine Learning: a Survey, 2018

RD13 Rondel Reconstruction by Peter Demján, Department of Archaeology, Comenius University,
Bratislava (http://uniba.academia.edu/demjan) Source: https://
3dwarehouse.sketchup.com/model/d698fb157c10cdefe97417c71e3e0497/Neolithic-
rondel-in-Svod%C3%ADn

RD14 Orthophotomosaic of Slovakia, Geodetic and Cartographic Institute Bratislava (GKÚ), ht-
tps://www.geoportal.sk/en/zbgis/orthophotomosaic.html

RD15 Airborne Laser Scanning and DTM 5.0 (Slovakia), Geodesy, Cartography and Cadastre Au-
thority of the Slovak Republic (ÚGKK SR), https://www.geoportal.sk/en/zbgis/als-dtm.html

RD16 Geopandas, https://geopandas.org/

RD17 Relief Visualisation Toolbox,  https://rvt-py.readthedocs.io/en/latest/

RD18 Rasterio, https://rasterio.readthedocs.io/en/latest/index.html

RD19 OpenCV, https://docs.opencv.org/4.5.2

RD20 OpenCV: CLAHE, https://docs.opencv.org/4.5.0/d5/daf/tutorial_py_histogram_equaliza-
tion.html

RD21 Deep Learning, I. Goodfellow, Y. Bengio and A. Courville, MIT Press, Cambridge (2016)

RD22 Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks, Ren et 
al. , arXiv:1506.01497, 2016

1.3 Abbreviations and acronyms

Table 2: Abbreviations and acronyms

Abbreviation Meaning

ALS Airborne Laser Scanning
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Abbreviation Meaning

CLAHE Contrast Limited Adaptive Histogram Equalisation

CNN Convolutional Neural Network

DEM Digital Elevation Model

DSM Digital Surface Model

DTM Digital Terrain Model

GAN General Adversarial Network

LiDAR Light Detection and Ranging

NDVI Normalised Difference Vegetation Index

NIR Near-InfraRed

RD Reference document

R-CNN Regions-based Convolutional Neural Network

RMSE Root mean square error

RGBN Red Green Blue Near-infrared

RVT Relief Visualisation Toolbox

SLRM Simple Local Relief Model

TBC To be confirmed

TBD To be determined

ÚGKK SR Geodesy, Cartography and Cadastre Authority of the Slovak Republic

GSD Ground Sampling Distance

2 Introduction

2.1 Objectives
Existing works  [RD1],[RD7],[RD8],  have demonstrated successful  implementations of  deep learning,
specifically CNN’s, for  archaeological site detection. Expanding upon these works, the goal of this pro-
ject is the automated detection of neolithic circular enclosures (described in Section  4.1) in remote
sensed data using machine learning and data augmentation techniques. We are currently focusing on
the Western regions of Slovakia but plan to expand to other countries and regions in the near future -
e.g. Czechia, Austria and Germany.

The main objectives of this technote are to:

• Provide an overview of the data sets acquired (LiDAR and RGBN)

• Provide information on relevant pre-processing techniques used in archaeology to extract fea-
tures in LiDAR data

• Detail the procedures, specifically pre-processing techniques, undertaken to create a training
set of images that will act as positive training examples for future CNN-based Deep Learning
models.

• Provide a brief overview of CNN’s and the UNET architecture

• Discuss the future considerations regarding input data into the model

3 Data Sets
The following data sets of Slovakia where acquired:

• Raw Classified Point Cloud LiDAR data of Western Slovakia along with corresponding DSM and
DTM data (described in Section 3.1).
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• RGBN/RGB data of the entire country of Slovakia (described in Section 3.2)

Examples neolithic circular enclosures from these datasets, pre-processed by the techniques described
in Section 5, are shown at the end of this document in Section 11.

3.1 Slovakia LiDAR Data
This data set was created by the Geodesy, Cartography and Cadastre Authority of the Slovak Republic
(ÚGKK SR) with the aim of eventually covering all of Slovakia . The data was collected via ALS and the
point cloud LiDAR data was processed into:

1. Classified Point Cloud Data

2. DTM raster data

3. DSM raster data

The classified point cloud data consists of labelled points representing 3D positions of objects. The
DTM/DSM raster data are 2D elevation models derived from the LiDAR point cloud. Further details on
LiDAR-derived data is provided in Section 5. The available data covers the regions depicted in Figure 1.
Additionally, quality control of the point cloud and DTM/DSM data was undertaken, such that the abso-
lute horizontal and vertical accuracies of the data are known. Details on the classified point cloud and
DTM/DSM data can be found in Tables 3 and 4 respectively. 

Figure 1: Overview of lots present in LiDAR dataset [RD15] 

Table 3: Raw LiDAR Point Cloud data

Attribute Detail

Provider  Geodetic and Cartographic Institute Bratislava (GKÚ) 

Owner  Geodetic and Cartographic Institute Bratislava (GKÚ) 

Source Reference ÚGKK SR

Scanning Density  >5 points per m2

Horizontal  System S-JTSK(JTSK03)+HBpv

Vertical  Coordinate Reference System ETRS89-TM34+hETRS89  -EPSG code:3046

Absolute vertical accuracy of point cloud
at ellipsoidal heights

ETRS89 - mh ≤ 0.15 m

Absolute positional accuracy of point
cloud

ETRS89-TM34 - mXY ≤ 0.30 m

Table 4: LiDAR DTM/DSM data
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Attribute Detail

Provider  Geodetic and Cartographic Institute Bratislava (GKÚ) 

Owner  Geodetic and Cartographic Institute Bratislava (GKÚ) 

Source Reference ÚGKK SR

GSD 1 m/pixel

Format TIFF + TFW

Number of channels 1

Coordinate reference system ETRS89-TM34+hETRS89  -EPSG code:3046

Absolute vertical accuracy of DTM hETRS89 - mH ≤ 0.20 m

absolute vertical accuracy  of DTM Bpv – mH ≤ 0,25 m

3.2 Slovakia RGBN/RGB Data
The Ministry of Agriculture and Rural Development of the Slovak Republic and the ÚGKK SR agreed on
joint cooperation in the creation of the RGBN Orthophotomosaic of the Slovak Republic [RD14]. 

For this map the territory of Slovakia is divided into three parts – West, Central and East (each approx-
imately 17,000 km2) as  is shown in Figure 2. The acquired dataset consists of a more recent RGBN Or-
thophotomosaic of the western part (2nd  cycle, 2020), and the older RGB central (2018) and eastern
parts (2019).

Overall the dataset is ~4 TB in size. In total, The country is split into 10,225 raster images. This raster
data are stored as .tif with corresponding .tfw files. Additional information is provided in Table 5 and
Table 6 for the 1st and 2nd campaign cycles respectively. 

      

Figure 2:  Regions of Slovakia covered by the RGB/RGBN raster data.  Dataset consists of a more recent 
RGBN Orthophotomosaic of the western part (2nd cycle, 2020), and the older RGB central (2018) and east-
ern parts (2019).

 Table 5: RGBN data: Western part (2nd cycle, 2020)
Attribute

Provider  Geodetic and Cartographic Institute Bratislava (GKÚ) 

Owner  Geodetic and Cartographic Institute Bratislava (GKÚ) 
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Attribute

Source Reference ÚGKK SR

Available  from 30 April 2021

GSD (Ground Sampling Distance) 20 cm/pixel

Format TIFF + TFW

Number of channels 4 (RGBN, 8-bit)

Coordinate reference system S-JTSK(JTSK) - EPSG code:5514

Number of map sheets (MS) in 1:5000
scale

territory of Western Slovakia =3516 MS

Accuracy RMSExy = 0,20 m

 
Table 6: RGB data: Central (1st cycle, 2018)and Eastern(1st cycle, 2019) parts

Attribute

Provider  Geodetic and Cartographic Institute Bratislava (GKÚ) 

Owner  Geodetic and Cartographic Institute Bratislava (GKÚ) 

Source Reference ÚGKK SR

GSD (Ground Sampling Distance) 25 cm/pixel

Format TIFF + TFW

Number of channels 3 (RGB, 8-bit)

Coordinate reference system S-JTSK(JTSK) - EPSG code:5514

Number of map sheets (MS) in 1:5000
scale

central Slovakia = 3435 MS, territory of eastern Slovakia =
3422 MS

Accuracy RMSExy = 0,30 m

4 Archaeology

4.1 Neolithic Circular Enclosures (Rondels)
This project focuses on Neolithic Circular Enclosures in Central Europe, originally called “Kreisgrabenan-
lagen”  in  German,  commonly  referred  to  (and  will  be  referred  to  throughout  this  document)  as
Rondels. These Rondels are mostly present in Germany, Austria, Slovakia and the Czechia stretching
across Central Europe. These ancient sites are approximately 7000 years old. Their purpose and function
is not well known. Rondels have an approximate circular form and they precede the circular enclosures
known from Great Britain and Ireland by 2000-4000 years.

They have been found to be in the following forms [RD11]:

• two semicircular ditches forming a circle and separated by causeways at opposing entrances. 
• multiple circuits of ditches interrupted with entrances at cardinal or astronomically-oriented

points and also having an internal single or double timber palisade.
• a single ring ditch.

Two features of Rondels helpful for automated detection is the presence of circular changes in elevation
due to the ditches (specific for LiDAR-derived DEM data) and circular changes in colour of vegetation
arising from rondels below the surface (specific for RGBN imagery data).
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Figure 3: Taken from [RD13] :The rondel (circular enclosure) was part of a Lengyel culture settlement (late
neolithic, 4800 BC) discovered by Viera N mejcová-Pavúková in 1971-1983. The ě north-west and south-
west gates are astronomically oriented to the high Moon. Reconstruction by Peter Demján, Department

of Archaeology, Comenius University, Bratislava 

4.2 Locations
Locations of known Rondels in Slovakia were gathered and are being verified. There exist 35 known
Rondel locations and an additional set of extra potential Rondel sites, which have not been verified to
date. The  locations were provided in Geopackage files, using Geopandas software [RD16]. The Geo-
package files can be easily opened and filtered for Rondels, from which locations can be extracted.

The visibility of the Rondels is shown in Table 7. Labels of Visible,  Partially Visible and Not Visible are
given to the Rondels based off of how clearly they can be discerned in the LiDAR after the data has un-
dergone pre-processing (as described in Section  5). Out of the 35 Rondels, 6 (17%) were  Visible, 10
(29%) were  Partially Visible and 20 (57%) were Not Visible. 

Table 7: 35 Known Rondels Visibilities for the LiDAR dataset

ID Latitude
(DD)

Longit-
ude (DD)

Visible in
SLRM
(DTM)

Visible
in

SLRM
(DSM)

Visible in
RGB

Visible in
NDVI

Slovakia_001 48.4940833 17.507897
78

Partially
Visible

Partially
Visible

Partially Visible Not Visible

Slovakia_002 48.5053567 17.496531
67

Visible Partially
Visible

Not Visible Not Visible

Slovakia_003 48.4078194 17.475768
33

Not Visible Not Vis-
ible

Not Visible Not Visible

Slovakia_004 48.5368592 17.657448
89

Partially
Visible

Not Vis-
ible

Partially Visible Partially Visible

Slovakia_005 48.4681275 17.479264
72

Visible Not Vis-
ible

Not Visible Not Visible

Slovakia_006 48.3784097 17.450235
28

Not Visible Not Vis-
ible

Not Visible Not Visible

Slovakia_007 48.3771553 17.399922
78

Partially
Visible

Partially
Visible

Not Visible Not Visible

Slovakia_008 48.3500169 17.376569
72

Partially
Visible

Not Vis-
ible

Not Visible Not Visible

Slovakia_009 48.6251897 17.679722
5

Partially
Visible

Not Vis-
ible

Not Visible Not Visible
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Slovakia_010 48.1645725 18.309493
61

Partially
Visible

Not Vis-
ible

Not Visible Partially Visible

Slovakia_011 48.1850917 18.307997
5

Not Visible Not Vis-
ible

Not Visible Not Visible

Slovakia_012 48.2612264 18.216346
94

Visible Not Vis-
ible

Visible Visible 

Slovakia_013 48.2393764 18.205246
11

Not Visible Not Vis-
ible

Not Visible Not Visible

Slovakia_014 48.5326436 17.546100
56

Partially
Visible

Not Vis-
ible

Not Visible Not Visible

Slovakia_015 48.3646761 17.961716
94

Visible Partially
Visible

Not Visible Not Visible

Slovakia_016 47.8715942 18.56211 Not Visible Not Vis-
ible

Not Visible Not Visible

Slovakia_017 47.9107689 18.508307
78

Not Visible Not Vis-
ible

Not Visible Not Visible

Slovakia_018 48.4747136 17.881458
33

Not Visible Not Vis-
ible

Not Visible Not Visible

Slovakia_019 48.28498 17.845587
22

Visible Not Vis-
ible

Not Visible Not Visible

Slovakia_020 48.4727614 17.524926
39

Not Visible Not Vis-
ible

Not Visible Not Visible

Slovakia_021 48.6131594 17.664781
67

Not Visible Not Vis-
ible

Not Visible Not Visible

Slovakia_022 48.6190819 17.682888
06

Not Visible Not Vis-
ible

Not Visible Not Visible

Slovakia_023 48.4104086 18.369190
83

Not Visible Not Vis-
ible

Not Visible Not Visible

Slovakia_024 48.1352439 18.785704
17

Partially
Visible

Partially
Visible

Visible Not Visible

Slovakia_025 48.2999511 17.490677
22

Not Visible Not Vis-
ible

Not Visible Not Visible

Slovakia_026 48.5834247 17.697167
22

Not Visible Not Vis-
ible

Visible Visible 

Slovakia_027 47.8567361 18.719550
83

Not Visible Not Vis-
ible

Not Visible Not Visible

Slovakia_028 48.2358725 18.885597
22

Not Visible Not Vis-
ible

Not Visible Not Visible

Slovakia_029 48.0617939 18.364592
5

Not Visible Not Vis-
ible

Not Visible Not Visible

Slovakia_030 48.3266869 18.171512
5

Partially
Visible

Not Vis-
ible

Not Visible Not Visible

Slovakia_031 48.1053192 18.718286
11

Not Visible Not Vis-
ible

Not Visible Not Visible

Slovakia_032 48.013215 18.573863
06

Partially
Visible

Not Vis-
ible

Not Visible Not Visible

Slovakia_033 48.0055119 18.554620
56

Visible Not Vis-
ible

Not Visible Not Visible

Slovakia_034 48.5952475 17.762774
72

Not Visible Not Vis-
ible

Not Visible Not Visible

Slovakia_035 48.35623 20.351096
11

Not Visible Not Vis-
ible

Not Visible Not Visible
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5 Pre-Processing LiDAR Data
LiDAR data is collected by detecting reflections of a pulsed laser beam. The reflections are recorded and
combined to form a point-cloud, consisting of millions of individual points, representing the 3D posi-
tions of objects on the surface, including buildings, vegetation and bare earth. The data set acquired
included raw classified point-cloud data along with DEM data. A high-resolution DEM can be derived
from LiDAR point-cloud data by stripping away the surface features and sampling the ground elevation
in uniform increments to produce a bare earth model. The DEM data results from aggregating/binning
the 3D point clouds to form 2D elevation rasters. This can be achieved in a number of ways and is not
the focus of this report, however it may be the focus of future work, as new data sets are acquired. 

5.1 Digital Elevation Models
DEMs are digital representations of the earth’s topographic surface. They’re a bare-earth product be-
cause they do not include surface features like buildings and vegetation. For clarity:

– A DEM (Digital Elevation Model) involves removing all natural and built features, representing a bare
earth model.

– A DSM (Digital Surface Model) captures both the natural and built/artificial features of the environ-
ment.

– A DTM (Digital Terrain Model)  typically augments a DEM, by including vector features of the natural
terrain, such as rivers and ridges. Often in literature the term DTM is used interchangeably with DEM.

5.2 Hillshade
Hillshade, H, creates a realistic view of the underlying terrain by calculating an illumination value for
each cell based off of its respective relative orientation to a light source. The position of the light source
is determined by the azimuth ( ) aΨ nd altitude (θa) as shown in Figure 4.

 

Figure  4: Illustration of Hillshade, Ψ=315°, θa=45˚. (Source: http://www.geography.hunter.cuny.edu)

Let z  be the elevation value in the DTM raster, and let x ,  y , be the coordinates of the pixel/point.

The derivatives  
dz
dx

 and  
dz
dy

 can be computed using a chosen finite difference method by consider-

ing neighbouring pixels. The steepest downhill descent from each cell in the surface is the slope,  m,
which can be expressed in radians as:

m=arctan (√[
dz
dx

]
2

+[
dz
dy

]
2

)
.

The direction the steepest downslope direction is facing is the aspect - α. It identifies the down slope
direction of the maximum rate of change in value from each cell to its neighbours. Using the function
arctan2  to correctly account for quadrants the α is given by:
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α=arctan2(
dz
dx
,
dz
dy

)
.

Resulting in:

H=cos (θz)cos (m)+sin(θz)sin(m)cos(α−Ψ )

Where θz the solar zenith angle (θz  = θa - π/2). Using H one can better understand the relief of the area.
The results, however, depend on the Ψ and θz parameters chosen. Examples of hillshade are shown in
Figures 5, 6 and 7.

5.3 Simple Local Relief Model
The SLRM emphasizes local, small-scale, elevation differences by removing the large-scale landscape
forms from the data. By subtracting the average elevation zmean  of a local region, the SLRM greatly en-
hances the visibility of shallow topographic features. The steps for calculating the SLRM value for each
cell/pixel  [x , y ] can be summarised as follows:

1. Given a radius value (e.g 10 cells), calculate the average elevation of all cells within the region
zmean([ x , y ])  , centered about the point [x , y ] .

2. Subtract this average value from the current cell,  zSLRM ([x , y ])=z ([ x , y ])−zmean([x , y ]) .

The SLRM raster map of local positive and negative relief variations can be used for the detection of ar-
chaeological features, e.g. linear and circular earthworks, burial mounds, sunken roads, ridges and min-
ing/quarrying sites. For this reason the SLRM was found to be superior throughout this project. 

Using Rasterio library [RD18] the desired Rondel locations/windows were accessed in the DTM and DSM
rasters of Western Slovakia. SLRM raster images were produced using RVT library [RD17] with a radius
of 20 meters. Very few Rondels were visible in the DSM derived images in comparison to the DTM de-
rived images. An overview of the visibility of Rondels in the various types of images is provided in Table
8.

An example of Hillshade versus SLRM processing can be seen in Figures 7 and 8. A comparison between
SLRM processing for a DTM and DSM is shown in Figure 9, while 35 rondels processed with DTM/SLRM
are shown in Figure 15
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Figure 5: Hillshade performed on DTM raster Figure 6: Hillshade performed on DSM raster



Figure 9: SLRM images showing Rondel derived from DTM (left) and DSM (right)

5.4 Computer Vision

5.4.1 Contrast Limited Adaptive Histogram Equalisation

As can be seen in Figure 14 the rondels that are visible appear in the form of faint circles. As an at-
tempt to increase their visibility through contrast enhancement, CLAHE, from the OpenCV library was
applied [RD19]. For further details on the algorithm the reader is referred to [RD20].  An example of
CLAHE applied to an DTM image is shown in Figure 10.
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Figure 7: Hillshade derived from DTM Figure 8: SLRM derived from DTM



                

          

5.4.2 Additional Filters

The OpenCV library contains numerous filters such as a 2D discrete Fourier transform. Taking a Fourier
transform in both X and Y directions gives you the frequency representation of image, from which cer-
tain frequencies can be removed. For example a high-pass filter can be applied, followed by the inverse
Fourier transformation, to remove low frequencies. Future work will attend to additional OpenCV filters
for pre-processing. 

6 Pre-Processing RGBN Data
The following steps were taken to extract positive training examples in the RGBN data:

1. Save bounding boxes (coordinates of raster images) for all 10,225 RGBN rasters.

2. Save relevant raster images (containing rondel locations).

3. Plot RGB and NDVI images.

6.1 NDVI and RGB
Normalised Difference Vegetation Index is a combination of the Red and NIR channels, expressed as:

NDVI=
NIR−Red
Red−NIR

.

This is a simple graphical indicator which shows the degree of live green vegetation present in an im-
age. Additionally corresponding RGB images were produced.

7 Visibility Statistics
The visibility statistics of the rondels for various pre-processing techniques and datasets are presented
in Table 8. 

Table 8: Rondel Visibility Statistics (76 Total rondels includes the 35 Known rondels)

Visible in DTM/SLRM Visible in RGB Visible in NDVI

35 Known
Rondels

16 (~46%) 5 (~14%) 4 (~11%)

76 Total Po-
tential

Rondels

23 (~30%) 7 (~ 9%) 7(~ 9%)
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Figure 10: An example of CLAHE applied to an image



In summary:

• The DSM data was found to be less revealing for Rondel detection.

• The DTM-derived SLRM images were found to produce the best Rondel visibility.

• The RGBN data was used to create RGB and NDVI images, however the proportion of visible 
Rondels is low. 

• CNN-based neural networks  can take multpile channels as inputs, the DTM-derived SLRM im-
ages are grayscale (1 channel), the RGB have 3 channels and the NDVI are also grayscale. There-
fore including the RGBN-derived images will often result in redundant, misleading training 
data. For example if the Rondel is only visible in the  SLRM grayscale image, only 20% (1 out of 
5 input channels) of the networks weights will correctly be adjusted and the rest incorrectly.

• Additionally, the RGBN-derived images have exponentially more complexity than the grayscale 
DTM images, which could hinder the CNN-based network, which needs to learn to detect 
simple faint circles. 

• Therefore the current project direction is to focus on the DTM-derived SLRM images (reduce the
amount of irrelevant features in the data set).

• Given the low number of postitive training examples future work will involve extensive data 
augmentation.

8 Data Augmentation
Data  augmentation involves increasing the amount of training data by introducing slightly modified
copies of already existing data to the training set. The augmented data will represent a more compre-
hensive set of possible data points, thus minimizing the distance between the training and validation
set, as well as any future testing sets. The networks ability to generalise will greatly depend on the
quality of data augmentation, as overfitting due to the small number of positive training examples
could be prevalent. There exist a multitude of data augmentation techniques which can be applied to
images [RD5], importantly many of these techniques can be rapidly implemented.

8.1 Geometric Transformations
The Rondel images will be square inputs into the CNN-based network, allowing for:

• Flipping axes

• Rotation by 90°

• Translation

• Noise Injection, e.g. Gaussian Noise, this helps networks learn more robust features.

• Scaling, e.g zooming in/out and then up/downsampling.

8.2 Brightness and Contrast Transformations
One  noticeable trait  of the Rondel  images is  the variance in brightness across  different images.  A
method to standardize the brightness across the images is to reduce pixel values by a constant value,
e.g. the mean image pixel value. Alternatively the CLAHE transformation can be availed to produce ad-
ditional training examples with varying levels of contrast. 

8.3 Random Erasing
Occlusion happens in some of the Rondel images (the visible circle is missing a segment). Random Eras-
ing involves selecting a random patch of pixels and setting their values to a constant value, mean value
or extreme value. By randomly erasing portions of the Rondels the machine learning algorithm may
learn to detect Rondels with missing segments. 
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8.4 GAN-based Data Augmentation
GAN’s involve generative modelling, where artificial instances are created from a dataset such that they
retain similar characteristics to the original set. 

GANS's consist of a combination of a generative model and a discriminator model. The generator learns
to produce plausible data (images of Rondels) and the discriminator aims to distinguish the generator's
fake data from real data.

The discriminator is a binary classifier that takes samples from the real dataset (positive examples)  and
samples generated by the generator (negative examples). The generator model takes random input val-
ues (noise) and transforms them into images through a deconvolutional neural network, as illustrated
in Figure 11.

Figure 11: Illustrative example of GAN Model. Source: https://developers.google.com/machine-learning/gan

The discriminator learns to tell real images apart from "fake" images created by the generator. Simultan-
eously, the generator uses feedback from the discriminator to learn how to produce convincing images
that the discriminator can't distinguish from real images. The generator and discriminator are trained
on alternatively. It is important to note that the generator learns by back-propagating through both the
discriminator and generator to obtain gradients and that only its weights are then updated. Whereas
the discriminator updates its weights through back-propagation from the discriminator loss through
the discriminator network. See [RD5] for further details on GAN data augmentation  techniques.

8.5 Manual Data Augmentation
This method would involve manually adding faint circles into a selection of raster SLRM images, thereby
making  use  of  the project’s  archaeological  domain  knowledge  to  increase  the  data  set  size.  One
method would be manually drawing faint circles using an editing software. Manually creating positive
examples is feasible when using machine learning architectures which require few positive training ex-
amples.

For the generation of a large set of positive training examples (e.g 1000) an option is to increase/de-
crease pixel values within a given area determined by circle equations. Future experimentation is re-
quired and importantly these faint circles will have to be inserted in flat regions of the SLRM images.

9 CNN’s
For basic theory on Deep Learning and neural networks the reader is referred to [RD21].

CNN's are a specialised form of neural networks for processing data with a grid like topology. Examples
of such data are images (pixels form a grid) or time-series data (1-D grid taking samples at equally
spaced time intervals). CNN's employ a form of convolution in one or more layers. 1-D real valued con-
volution of a general function f (t)   and a weighted function  w (t)  is  mathematically defined as,

(f∗w)( t)=∫ f (τ)w (t−τ)d τ ,
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where integration over  τ   is from (-∞,∞). In convolutional network terminology, the first argument to
the convolution is referred to as the input, and the second as the kernel.  The output is referred to as 
the feature map. For machine learning purposes the inputs are usually a multidimensional array of 
data, and the kernel a multidimensional array of parameters (weights) that are adapted by the learning 
algorithm. The infinite sum is then replaced by finite summation over array elements.  For example, if 
the input is a 2-D image (array of pixels labelled by I ( i , j )   ),  the kernel can be 2-D weights array
W (i , j)   , resulting in an output array S, satisfying, 

S (i , j)=( I∗W )(i , j )=∑
m
∑
n

I (m ,n)W (i−m, j−n) .

Graphically the operation of the kernel is depicted in Figure 12.

Figure 12:  Illustrative  example  of  2D  convolution  on  pixels  with  ”valid  padding”.   This involves restricting
the kernel window to positions where it fits entirely in the image.  The kernel window ”slides” through the input

image and its weights are adapted accordingly. Due to this CNN’s can identify features or traits in images. Source :
[RD21]

The Rondel faint circles are the desired learnable feature and CNNs are ideally suited to this task, with 
the small number of positive training examples an architecture such as UNET [RD4] will be implemen-
ted.  

9.1 Architectures

9.1.1 UNET Architecture

Semantic Segmentation involves assigning a label, corresponding to a class, to each pixel in an image. 
U-Net is a CNN that was originally developed for biomedical image segmentation [RD4]. It is made up 
of almost symmetric contracting and expansive paths, linked with connections to from the U-shaped 
architecture. The encoder (contractive path) is used to capture the context in the image and consists of 
a stack of convolutional and max pooling layers. The second (expansive) path is a decoder which is used
to enable precise localization using transposed convolutions. Figure 13 shows an example of U-Net ar-
chitecture as published in the original paper. 

Importantly UNET is less dependent on large data sets with many positive training examples and was 
designed specifically to tackle this problem [RD4]. 
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Figure 13:  UNET architecture from original paper. Each blue box corresponds to a feature map. The number of
channels is denoted on top of the box. White boxes represent copied feature maps. The arrows denote the differ-

ent operations. Source :[RD4]

9.1.2 Faster R-CNN

For object detection within images, a popular architecture is the Regions-based Convolutional Neural
Network. Here the focus lies on both classification and localising of objects within an image.  The basic
concept of an R-CNN is to generate multiple object proposals within an image, extract features from
each proposal using a CNN, and then classify these [RD7]. The Faster R-CNN architecture by Ren et al.
[RD22] is depicted in Figure 14.

The convolutional layers act on the original image and map to a feature space representation of the im-
age. A Region Proposal Network outputs a set of rectangular object proposals from the feature space 
representation. The predicted region proposals are then reshaped using a Region of Interest pooling 
layer which is then used to classify the image within the proposed region. Both the Region Proposal 
Network and the R-CNN with bounding box regressor are trained simultaneously in Faster R-CNN. Fur-
ther details can be found in [RD22].

The main advantage of Faster R-CNN over the UNET model is that the classification is not on a pixel-
level, instead the outputs are bounding boxes with classifications.

9.2 Labelling Training Examples
The UNET architecture is compatible with small training set sizes, however it requires pixel-level la-
belling (classification). The task of consistently labelling the pixels which contain Rondels is of import-
ance as the neural network requires consistency in its input labelling. Manually selecting pixels repres-
enting the Rondel regions using polyogns or bounding boxes is a possible method. 

For Faster R-CNN bounding boxes over the rondels can be created for the positive training examples,
overcoming the pixel-level labelling issues.
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10 Conclusions and Future Work
Throughout the project  the processing of LiDAR and RGBN data for archaeological purposes  was re-
searched and undertaken. The ultimate aim of processing the data is the creation of a large dataset for
training a deep learning neural network to detect rondels.

To date, a small number of positive, visible, training examples exist. However, the target objects are rel-
atively simple objects - rings. Because of this,  a neural network that can sufficiently generalizes the
task the can be trained using a combination of augmented data, transfer learning techniques, efficient
architectures and various regularization methods. 

Using time-series data acquired from institutional satellites (e.g. Sentinel-2 and Landsat-8) for rondel
identification will also be researched in future stages of the AIARCH project. The LiDAR and RGBN data-
sets only give a snapshot of the land during which the rondel may not be visible due to e.g. environ-
mental factors such as crop coverage. To overcome this, machine learning systems will be explored that
operate through the temporal axis on many images of the same area taken at different moments in
time.
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Figure 14: Faster R-CNN architecture. Source: [RD22]



11 Rondel Examples
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Figure 15: 35 rondels processed with SLRM
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