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ABSTRACT

The African continent is rich with archaeological heritage, which needs to be preserved for the
current and future generations. The majority of archaeological heritage sites in Africa are
facing disappearance due to a number of challenges including looting, destruction from
developments, expansion of agricultural land and natural hazards. Documentation and
monitoring of archaeological heritage sites, therefore, is of paramount importance for effective
site management and preservation. However, archaeological heritage sites in the continent are
poorly documented and monitored due to a number of factors including lack of funds by
heritage management institutions, lack of trained personnel and inaccessibility of some areas
due to conflicts or land ownership rights. Traditionally, the documentation and monitoring of
archaeological heritage sites in Africa have been done through fieldwork, which is costly, time-
consuming and difficult to carry out over large areas. Remote sensing offers a relatively fast,
cheap, systematic and reproducible method of surveying and monitoring archaeological sites
over large and/or restricted areas. Remote sensing techniques are used to identify earth surface
features based on their spectral signature, which is the variation of reflection or emittance of
materials’ electromagnetic energy. Spectral signatures for identifying archaeological sites are
not universal, and an assessment of the applicability of remote sensing techniques in different
archaeological landscapes is needed. The aim of this study, therefore, was to investigate the
potential of using remote sensing techniques to document archaeological sites previously
occupied by farming communities, which are traditionally associated with the Iron Age period

in Southern Africa, using the Shashi-Limpopo case study.

The first part of this study gives a review of the use of remote sensing in the African
archaeological context. Despite it being a fast, cost-effective and systematic method of survey,
the results of this study have demonstrated that remote sensing is not widely used in
archaeological applications in Africa. The aforementioned situation calls for studies
investigating the potential of using remote sensing techniques to fast track archaeological site

survey, documentation and monitoring in the continent.

The chemical composition of materials characterising different features have more or less
subtle variations that, in turn influence the spectral behaviour of soil. This is an important
principle that can be used for distinguishing archaeological soils from non-archaeological soils
and can potentially help in discriminating different archaeological signatures. As such, the

second part of this study investigated the possibility of using field spectrometer measurements



to discriminate middens, non-vitrified dung, vitrified dung and non-sites (natural soils)
characterising archaeological landscapes previously occupied by farming communities. It then
investigated the presence of differences in the chemical composition of elements between
middens, non-sites, vitrified dung and non-vitrified dung. The findings indicated that there is a
statistically significant difference in the concentration of soil elements between non-sites,
middens, vitrified dung and non-vitrified dung byres. They also indicated that some bands in
the visible and shortwave infrared regions of the electromagnetic spectrum important bands for

predicting the aforementioned archaeological sites and non-archaeological sites.

In the third part of this study, the ability of multispectral sensors to discriminate archaeological
and non-archaeological features in Shashi-Limpopo confluence area was investigated using
field spectral data resampled to the spectral resolutions of common multispectral satellites
namely GeoEye, Landsat 8 OLI, RapidEye, Sentinel-2, SPOT 5 and WorldView-2. This is
because the spectral and spatial resolutions of various multispectral sensors determine the size
and the type of archaeological data a sensor can detect. As such, another goal of this study was
to identify multispectral sensors with the optimum spectral resolutions for detecting middens,
non-vitrified dung, vitrified dung and non-sites. Additionally, the performance of advanced
classification algorithms (random forest and support vector machines) in discriminating
middens, non-vitrified dung, vitrified dung and non-sites was also investigated. The results
proved the possibility of using multispectral satellites in mapping middens, non-sites, vitrified
dung and non-vitrified dung sites. These results initiated the need to upscale the test to actual

satellite images.

The fourth part of this study assessed the possibility of prospecting for archaeological sites
previously occupied by farming communities in the Shashi-Limpopo Confluence Area, using
a very high-resolution satellite WorldView-2 image. The findings have shown that
WorldView-2 satellite images and advanced classification algorithms can be used in
prospecting for archaeological sites previously occupied by farming communities in Shashi-

Limpopo Confluence Area.

Finally, the ability of geographic object-based image analysis (GEOBIA) based on random
forest and support vector machines, to discriminate archaeological and non-archaeological
features on a very high-resolution satellite WorldView-2 image was investigated. The results

of this study demonstrated the robust ability of the GEOBIA to integrate spatial attributes into



the classification model improves the chances of separating materials with limited spectral
contrast.

Generally, this study has shown that remote sensing techniques can be used to map
archaeological landscapes characterised by middens, non-vitrified dung, vitrified dung and
non-sites. This will help archaeological heritage managers and researchers to document and
monitor sites in archaeological landscapes characterised by the aforementioned features in a
fast, systematic, reproducible and cost-effective manner.
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CHAPTER ONE

1. General introduction



1.1 Introduction

This study is a contribution towards the development of methods for archaeological site survey
and documentation using remote sensing techniques in archaeology, with a focus on Africa.
This is an under-researched area, yet extremely important in particular in light of the increasing
threats - infrastructure development, conflicts, looting, floods, earthquakes, and fires - that put
known and unknown archaeological sites at risk in the continent and the world at large
(Agapiou et al. 2015; Al-Houdalieh and Sauders 2009; Chirikure 2013; Contreras and Brodie
2010; Eloundou and Avango 2012; Hassani 2015; Holtorf 2001; Jones 1986; Kankpeyeng and
DeCorse 2004; Lane 2011; Parcak 2007; Roosevelt and Luke 2006; Sever and Irwin 2003;
Stone 2015). The thesis is, therefore, dedicated to investigating the potential of remote sensing
techniques in mapping archaeological features.

The survey and documentation of archaeological sites are some of the major challenges faced
by heritage managers and archaeological researchers, especially in the African continent, where
there is lack of funding and trained personnel (Chirikure 2013; Connah 2008; Mcintosh 1993).
Consequently, the national sites and monuments inventories of most heritage management
institutions in the continent are incomplete, further complicating the management of
archaeological heritage and understanding of the archaeological record. To improve heritage
management and research in the continent, there is a need for cost-effective and less labour
demanding methods, which can be used to systematically acquire accurate information and
expand research to remote areas. Remote sensing applications have been identified as less
labour intensive and cheaper methods than traditional surveys to acquire regional perspectives
of archaeological landscapes, predict the location of sites, and archive and monitor their status
through the use of repeated data collection offered by the different platforms (Corrie 2011;
Parcak 2007; Sever and Irwin 2003). This is despite the popular opinion that remote sensing
data is expensive and therefore not easy to be acquire with the limited budgets of most
archaeological projects (Cracknell and Hayes 2007; Parcak 2009; Tang and Shao 2015). The
thesis uses remote sensing data from the various sensors - field spectrometer and sensors aboard
satellite platforms - to investigate the possibility of discriminating archaeological and non-
archaeological features based on their spectral signatures. It also assesses the ability of random
forest and support vector machines classification algorithms in classifying archaeological data,
because of their ability to work with limited data, which is a common problem in archaeological

research. In so doing the research will advance knowledge on the type of surface archaeological



features that can be detected using remote sensing, on the most appropriate satellites for the
detection and suitable classification algorithms for the prediction. Ultimately the goal is to
provide the wider archaeological community with methodological frameworks, aimed at

widening the use of remote in archaeological research, in particular in Africa.

The study was conducted in an archaeologically well-documented landscape, the Shashi-
Limpopo confluence, known for hosting one of the earliest complex societies in the continent
(Huffman 2009a). This offered the opportunity to test the predictive ability of remote sensing
models against a fairly well known archaeological record (in particular in South Africa). If the
model yields positive results, it can then be deployed on less well-known parts of the
confluence (such as Botswana and Zimbabwe) with confidence to detect more archaeological
sites. This research mainly targeted sites previously occupied by farming communities because
they are the most common archaeological sites in the study area. Moreover, some of the
activities carried out by farming communities, such as animal penning, burning animal dung
deposits in a pen/kraal and repetitive dumping of domestic refuge in one area, affected soil
properties thus creating microenvironments (Denbow 1979; Huffman et al. 2013,
Mothulatshipi 2008). The resulting microenvironments are characterised by spectral contrast
with their surroundings which consequently makes it possible for remote sensing techniques to
detect them (Parcak 2009).

1.2 Background on the use of remote sensing in African archaeological context and

significance of the study

Since the early decades of the 20" century, remote sensing data in archaeology have afforded
researchers and heritage managers with new perspectives for surveying, documenting,
analysing and monitoring archaeological features (Elfadaly et al. 2018; Ginau et al. 2017;
Masini et al. 2009; Masini and Lasaponara 2007; Parcak 2009; Parcak et al. 2016; Van Ess et
al. 2006). This has led to increasing research on and with remote sensing techniques in
archaeological studies and heritage management, especially in Europe and North America
(Agapiou and Lysandrou 2015; Bewley 2003). For example, English Heritage developed a
national mapping programme in 1992 to promote an extensive discovery and mapping of
heritage sites in England using aerial photographs (Bewley 2003). Conversely, the potential of
remote sensing techniques in African archaeological contexts has been less explored. The
earliest large scale surveys in the continent made use of aerial photographs to detect and study

the settlement layout patterns of archaeological sites based on on the visibility of stonewalls



on the images (Mason 1968; Seddon 1968b). Denbow (1979) conducted a pilot study using
aerial photography to identify ecological indicators formed as a result of the effects of
archaeological materials in the soil properties within the African archaeological context.
However, the cost of acquiring aerial photographs and the bureaucracy made it difficult to carry
out the research in most African countries (Connah 2008; Parcak 2007). Furthermore, the
inability of film to capture data in regions beyond the visible spectrum limited its application

in complex archaeological contexts.

The recent public availability of high-resolution multispectral satellite images provided
heritage managers and researchers with a platform to regularly capture archaeological data
using bands within visible, infrared and microwave regions of the electromagnetic spectrum at
high temporal resolution. These include variations in vegetation health status and specific
chemical composition of archaeological features, which are not detected by traditional aerial
photography due to its low spectral resolution (Doneus et al. 2014; Lasaponara and Masini
2007). Additionally, the high spatial resolution of some multispectral sensors has enabled the
detection of small archaeological features (Fowler 2002; Lasaponara and Masini 2005). The
high temporal resolution of multispectral satellite sensors has enabled researchers and heritage
managers to monitor archaeological heritage overtime (Parcak et al. 2016; Van Ess et al. 2006).
Furthermore, the digital nature of multispectral satellite data allows for a deeper analysis of
archaeological data by enabling the integration of datasets from different sources and the use
of semi-automatic and automatic image classification algorithms for the mapping of
archaeological features. Researchers and heritage managers across the African continent have
used satellite data in a wide range of applications which include predicting site locations and
studying the layout of various archaeological sites (Biagetti et al. 2017; Clark et al. 1998;
Klehm et al. 2019; Morton 2013; Parcak et al. 2016; Reid 2016; Sadr and Rodier 2012; Segokgo
2012). The use of satellite data in archaeological applications has also enabled fast and cheap
documentation and monitoring of archaeological sites in large and inaccessible areas (Biagetti
et al. 2017; Elfadaly et al. 2018; Parcak 2007; Parcak et al. 2016).

Despite the potential of remote sensing data and techniques, challenges remain. Firstly, sensors
are not constructed for the detection of archaeological data, as such, identifying sensors with
spatial and spectral abilities to detect archaeological materials in the study area of interest is
necessary (Agapiou et al. 2014a; Parcak 2009). Other than the aforementioned sensor
challenges, one major limitation for the use of remote sensing in archaeological applications is

the need to identify data processing technigues which can improve the results. To date, despite
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the advances in remote sensing and the availability of multispectral and hyperspectral imagery,
the reflectance of different archaeological materials in southern Africa (and in most of the
world) has neither been studied nor catalogued. Thus this study assesses the possibility of
discriminating natural soils (non-sites), ash middens, vitrified dung and non-vitrified dung
using their spectral signatures. If successful, the study will help in expanding the techniques
that can be used to survey and document archaeological sites. These will include the use of
both pixel and object-based machine learning image processing algorithms such as random
forest and support vector machines. This will also help archaeologists and other interested
parties to harness the increasing available high-resolution remote sensing data in their research
and the management of archaeological features.

1.3 Aims and Objectives

This project aims to investigate the potential of remote sensing techniques in mapping
archaeological features characteristic of farming communities, which are traditionally
associated with the Iron Age period in Southern Africa, using the case study of the Shashi-

Limpopo Confluence Area.
The objectives of this research are as follows:

e To give a comprehensive overview of historic and current trends on the applications of
remote sensing in African archaeology from a perspective of three themes which are
research publication details, data capturing and processing, and the footprint of remote

sensing applications across the continent.

e To discriminate a range of archaeological sites characteristics of farming communities
in Southern Africa (ash middens, vitrified dung, non-vitrified dung) and natural soils

(non-sites) using field spectra measurements and chemical characteristics.

e To identify the optimum spectral resolution for the identification of archaeological ash
middens, non-vitrified dung and vitrified dung sites as opposed to non-sites using in
situ hyperspectral data resampled to different spectral resolution remote sensing

multispectral platforms

e To test the performance of pixel-based advanced machine learning classifiers (random
forest and support vector machines) in archaeological applications and the feasibility
of directly detecting archaeological sites characterised by vitrified dung and non-

vitrified dung through the use of high spatial resolution satellite images.



To further investigate the performance of other image classification techniques, namely
geographic object-based image analysis based on advanced machine learning classifiers
in mapping archaeological sites characterised by vitrified dung and non-vitrified dung
through the use of high spatial resolution satellite images.

1.3.1 Research Questions

1.

What are historic and current trends on the applications of remote sensing in the African
archaeological context from a perspective of three themes which are research
publication details, data capturing and processing, and the footprint of remote sensing
applications across the continent?

Is it possible to discriminate archaeological ash middens, vitrified dung, non-vitrified
dung and natural soils (non-sites) using their field spectra measurements and chemical

characteristics?

Which bands are suitable for detecting ash middens, vitrified dung, non-vitrified dung

and natural soils (non-sites)?

Which spaceborne sensor has the optimum spectral characteristics for detecting ash

middens, vitrified dung, non-vitrified dung and natural soils (non-sites)?

Can machine learning algorithms successfully be used to classify ash middens, vitrified
dung, non-vitrified dung and natural soils (non-sites) on remote sensing data captured

by high spatial resolution spaceborne sensors?

1.4 Study area

This study was carried out in the Shashi-Limpopo Confluence Area (SLCA). The SLCA is

where two rivers, the Shashi and the Limpopo, meet, forming the boundaries of three countries;

Botswana to the west, South Africa to the south and Zimbabwe to the north as shown in Figure
1. 1 below.
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1.4.1 Geology and geomorphology

The SLCA lies within the Limpopo Mobile Belt geological formation, which joins the
Zimbabwe and Kaapvaal cratons (Chinoda et al. 2009a). This area is characterised by igneous
and sedimentary rocks of the Karoo supergroup (Bordy and Catuneanu 2002). Erosion is
rampant, in particular in areas closer to the river channels, forming sandstone ridges, and
exposing dolerite dykes and outcrops which cover most parts of the SLCA with a sparse
distribution of volcanic intrusions (Gotze et al. 2008; Hanisch 1981a; Plug 2000). As a result,
the topography of the SLCA is highly variable with undulating and rugged landscapes. The
altitude varies from 300m to 1200m above sea level (Gotze et al. 2003; Manyanga 2007).
Generally, soils in the Limpopo mobile belt include clays and sands originating from the Karoo
system (Gotze et al. 2003).

1.4.2 Climate and Vegetation

The climate in the SLCA is semi-arid, characterised by cold and dry winters and hot and wet
summers with unpredictable rainfall between October and March (Hanisch 1981b; Meyer
2000; Smith et al. 2007). The annual average rainfall in this area ranges between 140 and
500mm (Meyer 2000). Rivers and streams in this area are seasonal with some perennial water
points along the main Limpopo river (Eastwood and Blundell 1999; Goétze et al. 2008).
Generally, temperatures range between 32°C-18°C in summer and between 22°C-4°C in winter
(Hanisch 1981b; Voigt 1983). Vegetation in this region is highly variable with some areas
dominated by mopane bushveld, arid sweet bushveld and riverine along the Limpopo River
and its tributaries (Hanisch 1981b; Le Baron et al. 2010). There is a high diversity of plant
species within this area (Gotze et al. 2008). The mopane bushveld is dominated by mopane
trees (Colophospermum mopane) with some occurrence of baobab (Adansonia digitata) and
other plant species such as stink shepherd’s tree (Boscia foetida) and mopane rhogozum
(Rhighozum zambesiacum baker) (Voigt 1983). The riverine area is dominated by a number of
vegetation communities generally classified into four main groups by Gotze et al. (2003), based
on their phytosociological characteristics: (1) Croton megalobotys-Combretum microphyllum
community which is characterised by a variaty of species including sweet baffalo grass
(Panicum Schinzii), love grass (Setaria verticillata), Guinea grass (Panicum maximum), flame
creeper (Combretum microphyllum), fever tree (Acacia xanthophloea), feverberry (Croton
megalobotrys); (2) Hyphaene petersiana-Acacia tortilis including umbrella thorn (Acacia
tortilis), narrow-leaved mustard tree (Salvadora australis), red spinach (Trianthema triquetra),

palm (Hyphaene petersiana), white-leaved raisin (Grewia bicolor), love grass (Setaria
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verticillata), white buffalo grass (Urochloa mosambicensis), sour grass (Enneapogon
cenchroides); (3) Salvadora australis-Cucumis zeyheri community characterised by species
inclunding the narrow-leaved mustard tree (Salvadora australis), Ipomea sinensis subsp.
Blepharosepala, Phyllanthus parvulus, grey leaf heliotrope (Heliotropium ovalifolium), erect
spiderling (Boerhavia Erecta), wild cucumber (cucumis zeyheri) and (4) Diplachne fusca-
Acacia xanthophloea community consists of species such as Corbichonia decumbens, wild
hibiscus (Abutilon sonneratianum), antelope grass (Echinochloa pyramidalis), Viper grass
(Dinebra retroflexa), salt meadow grass (Diplachne fusca) and fever tree (Acacia

xanthophloea).

1.4.3 Land tenure and land use

All three countries in the SLCA (Botswana, Zimbabwe and South Africa) are characterised by
three mainland tenure systems, freehold, communal lands and state land which are used for a
wide variety of activities (Forssman 2013; Huffman 2012; Manyanga 2007; Mothulatshipi
2008; Nyamushosho 2017; Selier 2007). Freehold land is used for a wide range of activities
such as game ranching, commercial crop and animal farming (Selier 2007). Additionally, some
of the freehold lands have been converted into game and nature reserves which include the
Northern Tuli game reserve in Botswana and the Mapesu game reserve and Venetia nature
reserve. South of the Venetia nature reserve there is the open-pit Venetia diamond mine. The
state land, which is land set aside from communal and private use by the state to protect the
biodiversity in the confluence area, includes Mapungubwe National Park in South Africa and
the Tuli Safari Area in Zimbabwe. The communal lands are mostly used for animal and crop
production by subsistence farmers. In summary, the Botswana side of the confluence is
dominated by private game reserves, while in the South African side mining areas, national
parks and private reserves cover the majority of the land. The Zimbabwe side of the confluence
is dominated by communal lands which are currently utilised by agropastoral farmers. As a
result, this study detected a lot of possible historical agropastoral features in the Zimbabwe side

of the confluence.
1.5 Archaeology of the Shashi- Limpopo Confluence Area: a brief summary

The SLCA has been occupied by human societies from the early Stone Age to recent periods,
leaving various traces of human occupation. Archaeological research in SLCA has focused
more on the South African side of the confluence (Antonites 2016; Calabrese 2000; Du
Piesanie 2009; Fagan 1964; Hall and Smith 2000; Hanisch 1980; Huffman 20074, 2011, 2012;



Huffman et al. 2013; Kuman et al. 2005; Le Baron et al. 2010; Meyer 2000; Raath 2014;
Schoeman 2006; Smith et al. 2007). Fewer archaeological studies have been conducted on the
Zimbabwe side (Bandama et al. 2018; Chirikure et al. 2014; Garlake 1968; Manyanga 2007,
Manyanga et al. 2000; Nyamushosho 2017) and Botswana side (Forssman 2013; Forssman and
Pargeter 2014; Mosothwane 2011; Mothulatshipi 2008; van Waarden 1979; Walker 1994) of
the confluence. Overall, the majority of the aforementioned archaeological researches in the
SLCA has focused around the understanding of the development of early complex societies,
linked to the establishment of the Mapungubwe culture, because of the rich archaeological
record and the abundance of evidence for farming societies in the region (Calabrese 2000;
Huffman 2007a, 2009a; Meyer 2000; Smith et al. 2007; Steyn 1997; VVoigt 1983). Nonetheless,
some research on the Stone Age periods of occupation has been conducted (Cooke 1960; van
Doornum 2014; Eastwood and Blundell 1999; Forssman 2013; Pollarolo et al. 2010; Pollarolo
and Kuman 2009; Thackeray 1992; Wilkins et al. 2010). For the purpose of the review here
presented, Stone Age sites will be discussed together while sites occupied by farming
communities will be divided into two periods being Early Farming Communities and Late

Farming Communities.
1.5.1 Stone Age Sites

Early Stone Age (ESA) and Middle Stone Age (MSA) sites in the SLCA are characterised by
very few surface scatters of stone tools such as flakes and cobbles, with a massive amount of
material (lithics, bones and seeds) being covered by alluvial and aeolian deposits (Forssman
2013; Manyanga 2007; Pollarolo et al. 2010; Pollarolo and Kuman 2009). ESA sites in
Southern Africa are difficult to date because the majority of them lack materials suitable for
radiometric dating (Klein 2000; Phillipson 2005). However, most of the ESA sites in Southern
Africa have been dated in association with sites from east Africa, with the earliest dates being
about 2 million years (Klein 2000). Research has shown that sites such as Kudu Koppie have
deep deposits of Stone Age material reaching up to 1.80m in-depth, with evidence of
stratification between ESA and MSA assemblages and little vertical displacement of material
(Pollarolo et al. 2010; Pollarolo and Kuman 2009; Wilkins et al. 2010). These sites are spread
out in the confluence area and have different sizes, possibly linked to the purpose they served
during their period of occupation. Some sites were industrial areas with much activity taking
place around them while others were low activity areas which were used for specific purposes
(Cooke 1960; Le Baron et al. 2010).
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Late Stone Age (LSA) sites are mostly located in rock shelters formed along ridges caused by
erosion. LSA technology began between 40 000 and 12000 years ago south of the Limpopo
river (Wadley 1993). These sites are characterised by cultural materials such as rock art, and
stone tools which are mostly found on the surface of rock shelters. The art includes rock
engravings and paintings depicting some human beings and animals (Manyanga 2007) which
might have existed in the area during that period. However, it has to be noted that not all rock
art in this study area belongs to the LSA communities, as there are some rock art depictions
done by the farming communities which might have used the shelters for ritual purposes (Hall
and Smith 2000). These include “finger paintings of zoomorphic and geometric motifs”
(Eastwood and Blundell 1999,p. 18). Material remains from some LSA sites in SLCA shows
that the LSA and farming communities lived side by side with some possible trade ties
(Forssman 2014; Hall and Smith 2000; Mothulatshipi 2008). However, this relations continued
into the recent past with the two communities living side by side, especially in areas where
resources and space were enough to support the hunting and gathering lifestyle without

dependence on farmers (Barham and Mitchell 2008).
1.5.2 Early Farming Communities

Early Farming communities lived in small groups and simple chiefdoms characterised by large
homesteads and villages. These societies occupied the SLCA in successive waves. The first
group occupied the area during the early years of the first millennium, that is between 350 AD
and 450 AD (Huffman 2009a), where they co-existed with the above-mentioned Stone Age
foraging communities (Hall and Smith 2000; Van Doornum 2006). The origins of Early
Farming Communities that occupied some parts of Southern Africa can be traced back to West-
Central Africa (Huffman 1982, 1989a). This group of agro-pastoralists possibly came into
SLCA through western Zimbabwe and eastern Botswana (Hanisch 1981a; Huffman 1982;
Mitchell 2013; Smith 2005). The aforementioned Early Farming Communities kept domestic
animals such as sheep, cattle and goats, cultivated plants, gathered wild fruits and hunted
animals (Badenhorst 2010; Pikirayi 2007; Voigt 1986). Although there is no clear evidence as
to which faunal remains dominated the assemblages due to poor bone preservation (Voigt
1986), archaeological faunal remains of this period are normally dominated by bones of sheep
and/or goats (Badenhorst 2010). Archaeological sites previously occupied by the
aforementioned communities are characterised by Happy Rest pottery, and are few or not easily
identifiable in the Shashi-Limpopo region (Hanisch 1981b; Huffman 2002; Smith 2005). This
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is probably due to the lack of surface material, which might be buried under alluvial deposits
in the area (Huffman 2007a).

The second wave of early farming communities occupied the Shashi-Limpopo confluence
towards the end of the first millennium AD. This group of agro-pastoralists came from south-
west Zimbabwe in about 900AD and have been classified as Zhizo people (Huffman 200743,
2009a). Sites occupied by Zhizo people in the SLCA include Schroda site (Hanisch 1981a).
Excavations by Hanisch between 1975 and 1982 revealed the possible layout of homesteads at
this site, and an enormous amount of cultural materials, which includes high concentrations of
figurines (Hanisch 2002) described and classified by Hanisch and Maumela (2002). Decorative
motifs of pottery remains found at these sites include some incisions and comb-stamping. In
general, Zhizo period sites are characterised by large kraal deposits at the centre of the
settlement, as such, indicating herding practices within the society. However, most of the Zhizo
period sites are located in agriculturally poor soils, a characteristic that has fuelled the notion
that Zhizo period people were more traders than agriculturalists (Huffman 2009a). This is also
supported by substantial quantities of remains of exotic trade goods which indicate links with
the East coast of Africa (Hanisch 1980; Huffman 2009a; Voigt 1983).

Some researchers (Huffman 2007a; Huffman and Kinahan 2003) posit that Zhizo people did
not stay for long in the SLCA as they were replaced by Leopard Kopje people who drove them
into eastern Botswana. However, research conducted by Calabrese (2000) at Leokwe hill has
revealed evidence of coexistence between Zhizo and Leopard Kopje people. Leopard Kopje
people went through an organisational transition while in Shashi-Limpopo. Their first capital,
K2, was located at the base of Bambandyanalo hill (Figure 1. 2). Societies at K2 organised
their settlement according to the central cattle pattern (CCP). The main features of this spatial
organisation are: (1) a central cattle kraal with elite burials and storage pits for grains; (2) a
men gathering area next to the kraal; (3) an outer residential zone characterised by huts which
are arranged according to left/right seniority, with the one upslope behind the court being most
senior; (4) the demarcation of space within the house into right for male and left for female
(Fagan 1964; Huffman 2000, 2001, 2009a).

1.5.3 Late Farming communities

Late farming communities occupied SLCA during the early centuries of the second millennium
AD (Schoeman 2013). This is a period when great social complexity occurred with the

development of the first states, ruling elite and sacred leadership amongst the societies within
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the SLCA (Huffman 2009a; Kim and Kusimba 2008) and in the broader region, ie Bosutswe
(Klehm 2017). The aforementioned changes began when leaders were separated from the
commoners during the occupation and establishment of Mapungubwe Hill as the capital of the
first state by Leopard Kopje people from K2. Leaders occupied hilltops while commoners
settled at the foot of the hill (Huffman 2009a). Stone walls were also built to seclude leaders
from commoners and ritual areas from the public domain. Kraals were then moved from the
centre of the village while people began to settle in front of the court. However, this settlement
pattern change took place only at administration centres, as it is believed that societies which
lived in smaller settlements surrounding administration centres continued to have features such
as kraals and middens at the centre of their settlements (Meyer 2000). Artefact and ornamental
remains at this sites generally comprise of a variety of locally produced and exotic goods such
as ceramics, metallurgy and glass beads (Badenhorst et al. 2011; Calabrese 2000; Meyer 2000;
Voigt 1983; Wood 2000). Exotic materials were mostly from the merchants in the African east
coast who traded goods from China and India.

Research on Late Farming Communities in the SLCA has mostly focussed on Mapungubwe
(Huffman 2001, 2007a) thus providing less account of other sites that existed at the same period
or later (Calabrese 2000; Voigt 1983). For a long time, Mapungubwe has been regarded as a
cradle of social complexity in southern Africa (Huffman 2000, 2009a). However, more recently
there has been some research on other parts of the SLCA, especially in Zimbabwe, which has
sparked debates concerning the evolution of the aforementioned social complexity. For
example, Chirikure et al. (2014) posit that the evidence at Mapela, located about 85 km
northwest of Mapungubwe, points to the development of sacred leadership and class distinction
two centuries before it developed at Mapungubwe. With regard to the abovementioned
arguments, it is evident that there is a need to intensify the archaeological research in other
parts of the SLCA, especially in Botswana and Zimbabwe in order to get a balanced account

of archaeological events in the area (Mothulatshipi 2008).

Even though there is no mention of Zimbabwe Period (1290-1450 AD) sites, which succeed
the Mapungubwe period (1220-1290 AD), in the SLCA there are some reports of Khami sites
(1450-1600 AD), which are the later developments of the Zimbabwe Culture and Icon sites
associated with Sotho Tswana communities (Huffman 2000, 2007a; Huffman and Du Piesanie
2011). These sites have been associated with the ancestors of the modern-day Venda speaking
people (Huffman 2012; Huffman and Du Piesanie 2011). The confluence area continued to be

occupied into historic times by agro-pastoralists of Venda, Sotho-Tswana and European
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origins, who arrived in the area at different periods of the late centuries of the second
millennium AD (Huffman 2012; Huffman and Du Piesanie 2011; Manyanga 2007; Meyer
2000; Mothulatshipi 2008). As discussed in 1.3.3 Land tenure systems, the present land use is
generally characterised by freehold, communal lands and state land which are mainly used for
game ranching, crop and animal production. The archaeology located in ranching areas is
generally better preserved than the one in crop-producing areas.
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Figure 1. 2 Map showing the location of farming communities sites mentioned within the text
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1.6 Structure of the thesis

This thesis is made out of a collection of seven chapters, five (2-6) of which have either been
published as articles or are in preparation for publications in peer-reviewed journals. The five
chapters which have been published or are in preparation for publication have been presented
in standalone format, with each having its aims, results and discussion. The single chapters’
conclusions collectively address the main aim of the study. Very few changes if any were done
to the content of the published papers. Consequently, the aforementioned approach creates
some recurrences of method description and illustrations, unavoidable under various chapters.
However, this downside is reasoned to be insignificant when taking into account the fact each
chapter is peer-reviewed as a standalone paper which can be independently read without losing
the meaning. Overall, the thesis has seven chapters including (this) introductory chapter, which
gives the background, justification and general aim of the study. Chapter 2 explores relevant
literature on the use of remote sensing in African archaeology. It identifies the most common
remote sensing techniques used in archaeological applications within the African continent. It
also assesses the patterns of the use of remote sensing techniques in archaeological research in
Africa. Chapter 3 investigates the possibility of discriminating natural soils (non-sites), ash
middens, vitrified dung and non-vitrified dung from each other using in situ spectral
measurements. This chapter also provides some analysis of the chemical components of non-
sites, ash middens, vitrified dung and non-vitrified dung. Chapter 4 resamples the
hyperspectral data to spectral resolutions of different satellite and test their ability to
discriminate natural soils (non-sites), ash middens, vitrified dung and non-vitrified dung.
Chapter 5 assesses the feasibility of detecting archaeological sites characterised by surface
features through the use of high-resolution satellite imagery and advanced classification
algorithms. Chapter 6 assesses the possibility of predicting the locations of archaeological

sites characterised by surface features using very high-resolution satellite image and object-
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based classification algorithms. Lastly, Chapter 7 provides a synthesis of the study and the
summary of the outcomes. It concludes by underlining the major findings of the study and their
implications on archaeological research. It highlights the limitations of the current study and
outlines recommendations for future studies. A single reference list is given at the end of the
thesis. This study contributes towards developing fast, cheap and systematic methods of
surveying, documentation and monitoring archaeological sites, which will help to improve site

inventories and management of archaeological heritage in southern Africa and the world.
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CHAPTER TWO

2. The use of remote sensing techniques in archaeological applications

in Africa: a review

This chapter is based on:

Thabeng, O. L., Merlo, S. and Adam, E., (In Preparation). “The use of remote sensing

techniques in archaeological applications in Africa: a review.”
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2.1 Introduction

Archaeologists and heritage managers world over have been involved in surveying,
documenting and monitoring archaeological heritage sites for effective management,
preservation and research (Cleere 1989; Salman et al. 2010; Van Ess et al. 2006). Traditionally,
surveying, documenting and monitoring archaeological heritage sites by archaeologists and
heritage managers has been done through intensive fieldwork which is time-consuming, costly
and difficult to carry out over some areas, especially conflict zones (Biagetti et al. 2017;
Connah 2008; Van Ess et al. 2006). The use of remote sensing has made it possible for
archaeologists to document and analyse buried archaeology without any excavations
(McCauley et al. 1982), study inaccessible war zones (Biagetti et al. 2017; Schmid et al. 2008;
Thomas et al. 2008) and cover large areas within a short period (Clark et al. 1998; Corrie 2011).
In some cases, high temporal accuracy and the archival nature of remote sensing data proved
to be essential for archaeological site monitoring (Blasco et al. 2017; Parcak 2007; Rayne et al.
2017). As a result, a number of papers and textbooks on the use of remote sensing in
archaeology have been published, and some reviews have been done on the ability of different
remote sensing sensors from different platforms, application of different image processing
methods in prospection and monitoring of archaeological sites. These include reviews by
scholars such as Challis and Howard (2006) who reviewed the use of remote sensing at
different scales of analysis in alluvial geoarchaeology. Myers (2010) gives a review of the
benefits and challenges incurred in the use of satellite images loaded on Google Earth program
in both archaeological research and heritage management. Leisz (2013) gives an overview of
the history of remote sensing in archaeology by giving a historical account of different
platforms and sensors which have been used for archaeological survey in the twentieth century.
Lasaponara and Masini (2013) provided an overview of limitations, challenges and their
solutions on the use of remote sensing in archaeological surveys and monitoring. A regional
overview on the use of remote sensing in archaeological research was given by Corrie (2011)
with a specific focus on the use of satellite images in Egyptian archaeology and the Middle
East. Despite the wide use of remote sensing applications in archaeology, there is no review on
the trends of remote sensing applications in African archaeology, at least known to this research
at present. This review, therefore, focuses on the use of remote sensing techniques in the

context of African archaeology.
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2.2 African biomes and application of remote sensing

The African continent is characterised by a number of ecological regions ranging from deserts,
shrubland, grasslands, forest, woodland, bushland and thickets (Figure 2.1). Different human
societies occupied and interacted with these biomes through time (Barich 2014, 2016; Denbow
2012; Hassan 2002; Liverani 2000; McBrearty and Brooks 2000; Mercader 2002; Mitchell
1997; Oslisly et al. 2013; White and Oates 1999). The aforementioned biomes varied
significantly in nature and latitudinal location throughout the long period of human habitation
in the continent which resulted in the differential distribution and preservation of
archaeological sites across the continent ie.archaeological remains characteristic of wet periods
being now detected in desert areas like the Sahara or the Kalahari desert (deMenocal 1995;
Hassan 2002; Huffman 2008; Jahns 1996; Kropelin et al. 2008; Salzmann and Hoelzmann
2005; Tierney et al. 2017) Moreover, each biome has its unique context including land cover,
seasonality and weather which have different effects not only on the preservation of
archaeological materials but their level of visibility and the survey. For example, dense
vegetation in rainforests obscure archaeological materials and presents difficulties in accessing
the forest during the survey (Denbow 2012). Furthermore, the general acidic nature of the soils
in rainforest leads to poor preservation of bones (Meister 2008; Mercader 2002). On the other
hand, desert environments present a well preserved archaeological record with some of the
materials being clearly visible on the surface (Churcher et al. 1999). Surveying and
documenting the traces of ancient anthropogenic activities within present-day biomes need to
take into consideration the effects of each biome on the visibility and accessibility of
archaeological material. Notwithstanding these considerations, the benefits of remote sensing
in surveying and documenting surface and sub-surface archaeological features in various
biomes has been recognised by archaeologists (Bennett et al. 2013; Biagetti et al. 2017;
Denbow and Wilmsen 1986; Doneus et al. 2008; Evans et al. 2013; Mason 1968; Parcak 2007).
These benefits include the ability to use proxy archaeological indicators such as vegetation and
soil marks to identify buried archaeological features (Agapiou et al. 2012a; Bennett et al. 2012;
Lasaponara and Masini 2007; Reid 2016). Ecological regions with similar preservation and
visibility prospects for remote sensing applications in archaeology have been grouped in the
discussion below in three broader areas: 1. Deserts, 2. shrubland and grassland and 3. forest,
woodland, bushland and thicket and the potentials and limitations of remote sensing application

in them have been highlighted.
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Figure 2. 1 The generic distribution of biomes across the African continent. The biogeographic region map has

been modified from White (1983) and Burgess et al. (2004).
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2.2.1 Desert

African deserts consist of barren seas of sands, gravels and rocky peaks (Lovegrove 1993;
Ward 2009). Vegetation grows mostly on areas with the ability to temporarily or permanently
host some moisture such as riverbeds (wadis), depressions and areas where there is surface
water seeping from underground aquifers (Lovegrove 1993; Malika et al. 2015; VVan Zinderen
Bakker 1975). Vegetation in African deserts comprises of a wide variety of species which
varies depending on local conditions (EI-Amier et al. 2015; Foissner et al. 2002; Jirgens 1991;
Lakhdari and Dehliz 2016; Lovegrove 1993; Schulz et al. 2009; Treichel et al. 1984; White
1983).

Researchers have used a wide variety of remote sensing techniques to document and survey for
archaeological sites in desert areas, most of which were densely occupied by humans during
wet periods prior to their early Holocene desertification (Biagetti et al. 2017; EI-Baz et al. 2007;
Gaber et al. 2013; Parcak et al. 2016; Sterry et al. 2011). The use of remote sensing for the
detection of sites in desert environments has been largely focused on archaeological materials
which are noticeable on the landscape through visual inspection (Altaweel 2005; Biagetti et al.
2017). The visibility of archaeological material on the desert landscape is facilitated by its
lower ratio of vegetation to the soil. Nevertheless, depending on the spatial resolution of the
sensor that is used to capture data, small features may be invisible on satellite images and thus
be missed during the survey. Most of the archaeological features in the desert were also
constructed using materials from their surroundings; as such it is problematic to map them
using semi-automatic and automatic image classification approaches. Hence the need to
visually inspect the images for archaeological features, a process which is laborious and time-
consuming especially when the study area is big. Furthermore, the majority of archaeological
materials in the deserts have either been deflated by wind or buried deep under sand deposits
(Nsanziyera et al. 2018). This presents a challenge when using remote sensing techniques to
map archaeological features in the desert environment, especially features which are buried
under sand deposits because optical sensors cannot penetrate the soil surface. In studies where
paleo-environments were considered, features such as paleo-hydrologic networks which are
buried under sand have been mapped using radar sensors because of their ability to capture
data below the earth surface (Blom et al. 2009; Farr and Paillou 2012; McCauley et al. 1982,
1986). However, the complex nature of radar data processing and interpretation tools makes its
use unpopular in archaeological applications (Nsanziyera et al. 2018). More recently, studies

employing geographic information systems and remote sensing techniques have also used a
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combination of vegetation and paleo-hydrological network as proxy indicators of
archaeological sites in a desert environment (Biagetti et al. 2017; Bubenzer and Riemer 2007;
Nsanziyera et al. 2018).

2.2.2 Shrubland and grasslands

Shrubland and grassland regions consist of short vegetation generally being 2m of height or
less, perennial and annual grasses (Cilliers et al. 2004; Djoudi et al. 2013; Hassan 2011,
Snyman et al. 2013; White 1983). The vegetation cover in these biomes is highly diversified
with thousands of species spread across the landscape depending on the rainfall patterns,
anthropogenic activities, soils water retention ability, soil types and altitude, because of its
influence on the micro-climate (Ajbilou et al. 2006; Diarra 1988; Le Houérou 2001; Milton
and Dean 2000; White 1983). The environmental conditions in shrublands and grasslands have
proven to be conducive for using remote sensing techniques to identify archaeological features
in the landscape due to their prominence, resulting from shorter vegetation cover, which makes
a number of prominent features (graves, mudbrick and stone walling structures, ditches, field
systems) highly visible (Fowler 1996; Sadr and Rodier 2012). As such, a number of studies
have investigated the potential of identifying archaeological features in shrubland and
grasslands regions using groundborne, airborne and spaceborne sensors (Lasaponara et al.
2011; Mumford and Parcak 2002; Sadr and Rodier 2012). The most common proxy indicator
used to identify areas of archaeological activity within the shrub and grassland are vegetation
marks, which appear as variation in vegetation growth patterns or health status (Agapiou and
Hadjimitsis 2011; Bennett et al. 2013). Additionally, evidence of short and long-term impacts
of human settlement patterns on ecology (such as the variation of the chemistry of soil) can be
used as evidence of prior human occupation in these biomes (Bennett et al. 2012; Marshall et
al. 2018; Masini et al. 2009).

The major limitation of using remote sensing in a landscape characterised by grasses and shrubs
is that majority of both surface and subsurface features get hidden by vegetation during the wet
season (Bennett et al. 2013; Sadr 2019). Furthermore, proxy indicators are more effective in
arable areas than non-arable areas and therefore cannot be applied to wider archaeological
environments where spectral differences are insignificant (Bennett et al. 2013). This is further

elaborated, with examples, in section 2.4.3
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2.2.3 Forest, woodland, bushland and thicket

Forest, woodland, bushland and thicket biomes are characterised by deciduous and non-
deciduous vegetation with a height of 2 m and above (Cumming et al. 1997; Geldenhuys and
Golding 2008; White 1983). Vegetation varies in richness and composition within and across
the aforementioned biomes depending on the rainfall gradient, soil types and altitude with some
areas being characterised by more than 8500 plant species of higher plants (Chirwa et al. 2008;
Fayolle et al. 2014; Gole et al. 2008; Hart 1995; Myers 1988; Otto et al. 2013; White 1983).
Vegetation in the forest, woodland, bushland and thicket biomes forms a canopy covering at
least 40% of the area in woodlands to 100% in forest areas (White 1983).

Researchers have used passive and active remote sensing datasets for a number of
archaeological applications in the forest, woodland, bushland and thicket biomes based on
variations in the vegetation patterns resulting from anthropogenic disturbances of soil chemical
and physical properties (Clark et al. 1998; Devereux et al. 2005; Evans and Fletcher 2015;
Garrison et al. 2008; Saturno et al. 2007). These include variations in species composition
(Denbow 1979; Reid 2016; Sever and Irwin 2003) and vegetation growth (Clark et al. 1998).
In a study aimed at identifying grave mounds in the Altai Mountains forest, Caspari et al. (2014)
used images from IKONOS-2. They identified grave mounds which stood out from the
surrounding landscape as circular vegetated features. However, investigations on the use of
remote sensing techniques in archaeological applications have revealed that an increase in
vegetation cover leads to difficulties in detecting subsurface and surface archaeological
features, especially when using datasets from passive sensors (Doneus et al. 2008; Sittler 2004).
In order to curb the aforementioned limitation of passive sensors, researchers have used active
sensors to map archaeological sites underneath vegetation because of their ability to penetrate
vegetation cover (Crow et al. 2007; Devereux et al. 2005; Doneus et al. 2008). For example,
airborne light detection and ranging (LIDAR) has been used to map sites under woodlands in
Britain (Crow et al. 2007), the settlement of Caracol covered by forest in Belize (Chase et al.
2011), medieval capitals of the Khemer empire beneath forests in Angkor (Evans et al. 2013).
In the African continent, Sadr (2019) successfully used LIDAR data to map the stonewalls of
a precolonial Tswana capital, now known as Kweneng, which are hidden beneath vegetation
about 35 km south of central Johannesburg on the foothills of the Suikerbosrand massif. The
cost of LIDAR data and the technical challenges, more especially during the planning and
collecting data in remote areas of the forest using LIDAR, prohibits its wide use in

archaeological applications (Fernandez-Diaz et al. 2014). Most of archaeological material in
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densely vegetated areas remain undetected and hidden under vegetation thus leading to the
incomplete presentation of archaeological records and imbalanced interpretation of the
archaeology of the affected areas (Crow et al. 2007; Sadr 2019).

2.3 Archaeological traces in the African continent: a broad review

African archaeology is highly diverse, nevertheless the past societies which occupied the
continent can generally be grouped into hunter-gathers, pastoralists, early farming and complex
societies based on the lifestyles (Connah 2004; Phillipson 2005). Due to variations on how
humans utilised and affected their environment throughout their stages of development, a brief
description of sites previously occupied by past human societies and a discussion of their
possible visibility on the landscape are provided below. This is fundamental in understanding
the types of archaeological traces in the continent and the possibilities of detecting them using
different remote sensing approaches.

2.3.1 Hunter Gatherers

Hunting and gathering lifestyle began during the Pleistocene period in Africa (Kusimba 2005).
Hunter-gatherers colonised and occupied a wide variety of areas, with enough resources for
their subsistence (Cornelissen 2013; Phillipson 2005). There is notable lack of evidence of
hunter gatherer occupation in forested areas probably due to lack of edible plants in them, more
especially during dry periods (Bailey et al. 1989; Hart and Hart 1986; McBrearty and Brooks
2000). However, improvements in technologies such as fishing are believed to have reduced
the size of space needed to sustain one person and enabled hunter gatherers to spread to
previously inhabitable areas (McBrearty and Brooks 2000). It is difficult to ascertain when the
hunter-gathering lifestyle began in many parts of the continent (Kusimba 2005). However,
research into the development of modern culture within the hunter-gatherer societies has shown
that it evolved from about 100,000years ago in sub-Saharan Africa (Brown et al. 2009;
Henshilwood et al. 2001, 2009; Lombard 2013). Generally, modern culture is characterised by
the development of cognitive complexity and differences in cultural adaptations which
facilitated human expansion into a wide variety of challenging environments (Henshilwood et
al. 2001; McBrearty and Brooks 2000). The aforementioned behaviour spread out of Africa
about 60,000 years ago with anatomically modern human beings (Fagan 2012; Henn et al.
2011). Hunter-gatherer societies occupied open air spaces, rock shelters and caves close to
permanent water sources (Basell 2008; Shea and Hildebrand 2010) and raw materials for

artefacts (Barich 2016; Pollarolo et al. 2010). The majority of the aforementioned sites are
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characterised by surface scatters of lithic artefacts, which in most cases are the sole indicator
of the sites (Cornelissen 2013; McDonald 2009b; Pollarolo et al. 2010), with often (but not
always) poor stratigraphic context. Poor and shallow stratigraphic deposits which characterise
most hunter gatherer sites are mostly associated with low population densities and their
nomadic lifestyles (Barich 2016; Kusimba 1999; McBrearty and Brooks 2000; Plug 1998).
Thin deposits resulting from high mobility and low population densities also led to poor
preservation of organic materials in most open air sites (Barich 2016). However, there are a
number sites, most of which are rock shelter/cave sites such as Ghar Cahal in Morrocco
(Bouzouggar et al. 2008), Kintampo rock shelters in Ghana (Stahl 1994), Mumba in Tanzania
(Gliganic et al. 2012), White Paintings rock shelter in Botswana (Robbins et al. 2000)
belonging to hunter gatherer societies, with deeply stratified deposits indicating frequent re-
occupation. As a result, this has led to over-representation of caves and shelter sites in the
studies of hunter gatherer societies (Coulson et al. 2011; Mcintosh and Mcintosh 1988; Shea
and Hildebrand 2010). Other material culture indicative of later hunter-gatherer sites which is
also mostly found in rock shelters/caves and includes bone tools, rock art, ornaments and
hearths (Ambrose 1998; Kusimba 1999; Villa et al. 2012; Warfe 2003). In addition to the
aforementioned indicators, North African sites previously occupied by late hunter-gatherers
during the Holocene period are also characterised by pottery and remains of semi-permanent
housing structures indicating some form of sedentism within the societies (Barich 2016; Garcea
2004; Haaland 1997).

Sites previously occupied by semi-sedentary hunter gatherers do have potential for the
application of remote sensing in their surveying and mapping. However, hunter gatherer
societies which occupied most parts of the African continent were nomadic and lived in low
population densities which resulted in them having insignificant impact on the landscape. As
such, it is difficult to visually detect these sites on the landscape through walking surveys or
use remote sensing to detect them. At present, there are no known cases where remote sensing
applications were successfully used to detect archaeological sites previously occupied by

hunter-gatherers, besides a study in the Sahara (Biagetti et al. 2017).

2.3.2 Pastoral societies

Pastoralism in Africa occurred before the domestication of plants (Ambrose 1998;
Henshilwood 1996; Marshall and Hildebrand 2002; Von Den Driesch and Deacon 1985).
Pastoralism began in the Sahara between 10000 and 8500 BP (di Lernia 2013; Marshall and
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Hildebrand 2002) with the domestication of cattle in Bir Kiseiba and Nabta Playa regions as a
response towards the increasing aridity and unreliable rainfall by hunter gatherer societies. It
later spread to other Saharan regions (Smith 1992). Sheep and goats were introduced at a later
period from the Levant (Garcea 2004). The earliest evidence of domesticated animals south of
the Sahara coincides with climate change, end of humid African phase, during the fifth
millennium BP in Central Eastern Africa (Ambrose 1998; Marshall et al. 1984). In other areas
south of Sahara such as West African woodland savannah pastoralism began around 3000 BP
(Breunig et al. 1996; Stahl 1986; Watson 2010) and about 2000 BP in the southern tip of Africa
(Klein 1986). Dissimilar to West and North Africa, earliest pastoralists in East and Southern
Africa kept ovicaprines before cattle (Ambrose 1998; Henshilwood 1996; Von Den Driesch
and Deacon 1985).

Generally, pastoral societies gathered wild plants and were seasonally mobile in search of
resources (Marshall and Hildebrand 2002). Their movement was influenced by social events
and other factors which affected their subsistence such as vegetation, rainfall and diseases.
These societies mostly occupied rock shelters, caves and open-air sites next to rivers and lakes
(Barich 2016; Breunig et al. 1996; Carter and Flight 1972; Causey 2010; Cremaschi and Di
Lernia 2001; Lane 2013; Mercuri 2008). In some cases, domestic animals were kept in caves
and rock shelters (Cremaschi and Di Lernia 1999). However, in southern Africa, there has been
a lack of evidence linking Pastoral Neolithic societies to open-air sites, a phenomenon which
Arthur (2008) linked to research methods employed in identifying them. This might be due to
the fact that the arrival of ovicaprines in southern Africa did not significantly affect the
settlement and subsistence patterns, foraging and hunting animals, of indigenous communities
(Sadr 2008).

Archaeological sites previously occupied by pastoral Neolithic societies are generally difficult
to identify on the landscape when using both traditional field walking surveys (Arthur 2008;
Gifford-Gonzalez 2005) and remote sensing techniques. This aspect has been attributed the
low population densities and mobile nature of pastoralists over extensive areas, in search of
pasture for animals, which does not allow significant accumulation of materials on the surface
(di Lernia and Gallinaro 2010; Garcea 2004; Hildebrand and Grillo 2012). Furthermore, the
occupation of specific biomes by pastoral societies is highly dependent on factors such as
seasonality, which influence their aggregation and dispersal patterns (Hildebrand et al. 2011,
Malville et al. 2008). However, in some cases, pastoral societies intensify the use of their

environmental resources by seasonally reoccupying the sites or practising semi-sedentism, as
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a result, leaving traces of anthropogenic activity and materials such as grinding stones, hearths
and potsherds (Cremaschi and Di Lernia 1999; Cremaschi and di Lernia 1998; Malville et al.
2008; Marshall and Hildebrand 2002). Important regional instances of monumental
architecture, such as funerary structures for cattle and human beings, characterise pastoral
societies of the Sahara in its entirety (di Lernia 2006, 2013; Wendorf and Schild 1994;
Wengrow et al. 2014). Multi-purpose megalithic structures consisting of large stone platforms
are also documented in east-central Africa (Hildebrand et al. 2018; Hildebrand and Grillo
2012). The occurrence of the abovementioned archaeological materials provides a possibility
for the use of remote sensing techniques in surveying, documenting and monitoring

archaeological sites previously occupied by pastoral societies.
2.3.3 Early Farming Communities

Farming communities in Africa first settled in northern Africa from the eastern Mediterranean
about 7000 BP (Haaland and Haaland 2013; Kuper and Krdpelin 2006). These societies/culture
reached North Africa at different points through the northwestern and northeastern regions
(Haaland and Haaland 2013; Morales et al. 2016). They brought in domestic plants such as
wheat, barley and pulses (Barich 2016; Marshall and Hildebrand 2002; Morales et al. 2016;
Wenke et al. 1988). In west Africa, farming began in the about 4500 BP with the indigenous
domestication of pearl millet at Lower Tilemsi Valley (Manning et al. 2011) before being
practiced at other sites such as Dhar Tichitt belonging to Tichitt Tradition and Birimi belonging
to Kintampo Complex (D’Andrea et al. 2001; D’ Andrea and Casey 2002). In central-eastern
Africa and southern Africa, farming was introduced by Bantu communities originating from
west Africa in areas around Cameroon and the Nigeria borders (Mitchell 2002). Bantu societies
have been divided into two groups being the Eastern stream and the western stream (Huffman
2007b). The Eastern stream comprised of communities that moved along the northern fringes
of the rainforest towards the Great Lakes, where their secondary relocation down south along
the Indian ocean coast occurred (Huffman 2007b). The eastern Bantu of Urewe tradition
introduced farming in central-eastern Africa during the third Millenium BP (Schoenbrun 1993).
The western stream which comprises the societies that migrated down south along the Atlantic
coast and Angolan Highlands (Antonites and Ashley 2016). In southern Africa, farming was
introduced during the early centuries of the second millennium BP by Western Bantu of
Kalundu tradition and Eastern Bantu of Urewe tradition (Denbow 1986; Huffman 1989a;
Klapwijk 1974; Maggs 1984).
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The various crops indigenously domesticated in different parts of the continent include African
rice, sambar groundnut, baobab and oil palm in West Africa (D’ Andrea et al. 2001; D’ Andrea
and Casey 2002; Fuller and Hildebrand 2013; Manning et al. 2011), sorghum in Sudan
(Haaland 1995) and Tef in east Africa (D’ Andrea 2008). Although the material remains across
archaeological sites previously occupied by early farming communities varies from region to
region, they are generally characterised by ceramics, faunal and lithic materials, metal
implements and features such as middens, animal byres, and house floors (Badenhorst 2010;
Clist 1987; Denbow 1981; Holdaway et al. 2016; Huffman 2007a; Klapwijk and Huffman
1996; Phillipson 2005; Pwiti 1996; Shaw et al. 1993). The monumental architecture includes
megalithic funerary structures in north and central Africa (Phillipson 2005). The presence of
large features in archaeological sites previously occupied by early farming communities
provides the potential for the use of remote sensing applications to record and monitor sites.
However, detecting sites belonging to Early Farming Communities in most parts of the
continent will be a challenging task because they were generally semi-sedentary, and had low
population densities which resulted in them producing archaeologically invisible stratigraphies
and insignificant impact on the environment (Huffman 1982; Mitchell 2002). Additionally,
their material may be buried under soil deposits where it cannot easily be identified or was not
preserved (Huffman 2007a; Phillipson 2005; Shaw et al. 1993).

2.3.4 Complex societies

Social complexity developed at different periods across the African continent within food-
producing societies (Fuller and Hildebrand 2013). Researchers have attributed these changes
to various factors such as trade links, foreign influence, ecological changes and regional
economic growth which variably led to complexity and, at times, social stratification (Bard
1994; Brooks 2006; Hassan 1988; LaViolette and Fleisher 2005; McIntosh and MclIntosh 1988;
Spear 2000; Wynne-Jones 2007). The development of social complexity among farming
communities in the Nile Valley is dated to about 6000 years BP (Bard 1994; Hassan 1988),
whilst in other parts of the continent, it is attested at slightly later periods, (Brooks 2005, 2006;
Chirikure et al. 2014; Dueppen 2016; Horton 1979; LaViolette 2008; MacDonald 2013;
Mattingly et al. 2003; Mattingly and Sterry 2013; Mitchell 2002; Nikita et al. 2011; Ogundiran
2013; Phillipson 2013). For example, the Butana and Gash societies which occupied the Horn
of Africa developed social complexity about 5000 years BP (Fattovich 2010) and in Southern
Africa, the Leopard Kopje societies which occupied the SLCA in southern Africa developed
social complexity in the thirteenth century AD (Huffman 2009a).
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The traces of sites previously occupied by complex societies are spread across the continent
with the majority of them being characterised by monumental architecture and/or large
monumental cemeteries (Bard 1994; Hassan 1997; Huffman 2009a; Munson 1980). These
include the stone walls of Tichitt tradition societies (MacDonald et al. 2003; Munson 1980),
stonewalled sites in southern Africa (Chirikure et al. 2014; Huffman 2009a), earthworks in the
west African rainforest (Connah 2004; Ogundiran 2013), walled Swabhili towns, “D’MT” polity
temples and pillars (Fattovich 2010; Japp et al. 2011; Wynne-Jones and Fleisher 2016). The
monumental cemeteries include pyramids in Egypt and Sudan (Andreu-Lanoe 1997), pyramid
tombs of the Garamantes (Belmonte et al. 2002; Mattingly 2011) and Islamic cemeteries in the
Swahili coast (Baumanova 2018; Wynne-Jones and Fleisher 2016). Remote sensing has been
used to identify some of these monumental features, such as the pyramids of at Gebel Barkal
(Patruno et al. 2020). However, not all of the sites associated with complex societies are
visible on the ground due to a number of factors including poor preservation conditions,
materials used for construction, the lifestyle of society occupying the site and researchers
survey strategies (Bard 1994; Clist et al. 2015; Connah 2008). For example, the capitals of
states in east-central Africa were constructed using non-durable materials and not permanently
occupied, as such leaving thin stratigraphic deposits which are invisible in the archaeological
record (Reid 2013). This, therefore, means that it might be impossible to detect them using
remote sensing techniques due to the limited impact of the societies which occupied them on
the landscape. As a consequence, this will lead to an imbalance knowledge of archaeological
record of complex societies in the continent as research will be skewed towards the ones who

have left more prominent traces.

2.4 Mapping archaeological landscapes using remote sensing techniques

The use of remote sensing techniques in archaeology became common after the First World
War, with airborne true colour, panchromatic and infrared film sensors (cameras) as the major
source of data. This was triggered by the improvement of camera devices that were used to
take photographs, for example by Crawford in the 1920s at Stonehenge (Reeves 1936).
Archaeological sites were identified on photographs based on form, variations on the soil
colour or vegetation characteristics which are visible in the photograph. Since then,
archaeologists around the world have used digital multispectral (wide spectral bands) and
hyperspectral (narrow spectral bands) remote sensing data acquired from groundborne,
airborne and spaceborne sensors, to study settlement patterns, subsurface features, surface

features, and monitor archaeological heritage sites (Agapiou et al. 2012a; Altaweel 2005; Buck
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et al. 2003; Cavalli et al. 2007; Deroin et al. 2012; Parcak 2007; Siart et al. 2008; Wilkinson et
al. 2006). The use of multispectral and hyperspectral sensors for the detection of surface, buried
and semi-buried archaeological features, is based on their added ability to produce an electrical
signal that relates with differences in the energy reflected and emitted from materials on the
surface of the earth (Agapiou et al. 2014a; b). This information (called spectral signature) varies
to different degrees for different materials and is therefore used to identify and differentiate
them. In archaeology, the spectral contrast between areas of archaeological interest and their
surroundings and the different spectral signatures of different archaeological features can,
therefore, be exploited for detection (Corrie 2011; Parcak 2009).

The presence of archaeological features in the soil alters its biological, chemical and physical
properties, thus making it different from the surrounding soils (Oonk et al. 2009; Wilson et al.
2008). For example, the presence of walls buried in the soil makes it more compact and less
moisture-retentive, whilst buried ditches increase moisture retention (Gojda and Hejcman
2012); areas where animal byres were previously located, have higher phosphorous than the
surrounding landscapes (Wilson et al. 2008). These alterations lead to the formation of
microenvironments which have different properties compared to the surrounding natural
landscape, therefore making them react differently to electromagnetic spectrum waves
(Rowlands and Sarris 2007). These microenvironments are referred to as either surface features
or proxy site indicators in a case where they appear as soil marks or vegetation marks (Agapiou
et al. 2014a; Aqdus et al. 2008; Lasaponara and Masini 2007), can be easily detected at a
minimum vertical distance above the ground. Recently, with improvements in both spectral
and spatial resolution of remote sensing devices (Fowler 2002) and availability of remote
sensing images to a wider community (Osicki and Sjogren 2000), these marks (soil and crop)
are captured as anomalies in spectral reflectance both within and beyond the visible spectrum.
The various types of archaeological indicators, such as surface features, soil marks and
vegetation marks which can be detected through visual inspection and digital processing of

remotely sensed data are described below.

2.4.1 Surface features

Surface features are major indicators of archaeological sites (Renfrew and Bahn 2012). The
composition of surface features characterising a site varies, depending on the the societies that
occupied it (Haaland 1997; Klein 1986; Renfrew and Bahn 2012). These ranges from artefact

scatters characterizing Early Stone Age sites to monumental structures on sites previously

31



occupied by complex societies (Ambrose 1998; Connah 2004; Haaland 1997; Huffman 2009a;
Mitchell 2002; Phillipson 2005, 2013; Reid 2013).  Traditionally, surface features were
detected through the use of aerial photographs based on their shape (Mason 1968; Seddon
1968b). Recently, with the availability of multispectral and hyperspectral data surface
archaeological features have been mapped using their spectral properties, in addition to form
(De Laet et al. 2015; Rayne et al. 2017; Subias et al. 2013b). However, the size and the type of
archaeological materials to be detected by different sensors depends on the spatial and spectral
resolutions of the sensor being used (De Laet et al. 2007; Lasaponara and Masini 2011; Luo et
al. 2014; Parcak 2007).

2.4.2 Soil marks

Soil properties such as soil moisture content, tone, geometric pattern and texture have been
vital in identifying traces of anthropological activities on the surface as soil marks. Differences
in soil colour (soil marks) help in the identification of archaeological features (Fowler 2002).
These marks may appear as a result of differences in soil texture. Archaeological sites with
soils which are coarser than those of the surrounding landscape may absorb more radiation,
therefore appearing as a dark patch in an image. This is mostly caused by large pore spaces
between the particles which allow more radiation absorbance (Custer et al. 1986). Soil marks
can appear in ploughed fields (Lasaponara and Masini 2006) or during a dry period (Beck et
al. 2007) as a result of differences in moisture content within the soil. Lightfoot (2008) used
aerial photographs to identify outlines of walls dividing space at the old oasis city of Sijilmassa

basing to the differences in soil properties such as tone, texture and geometric patterns.

Soil moisture plays a significant role in the identification of archaeological remains in satellite
images too (Altaweel 2005; Parcak 2007). Wet soil has a lower reflectance rate of
electromagnetic radiation than dry soil, a difference mainly caused by the reduction in light
scattering processes and increase in light-absorbing processes (Weidong et al. 2002). As such,
moist soil appears darker in remote sensing images while dry soil appears brighter, therefore,
any sensor capturing data can pick this up. However, optimum conditions are needed for one
to pick the areas of archaeological interest based on moisture variations between the
archaeological features and their surroundings. Parcak (2007) used a combination of Landsat
7 images, SPOT 4 and CORONA images to identify tell sites in Egypt. Benefitting from the
high temporal resolution of the satellite sensors, she identified a period when the tell sites had

a higher moisture content than their surroundings, which as a result, made them have a unique
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spectral signature different from the surroundings. Furthemore, Link et al. (2014) used
synthetic aperture radio detection and ranging (SAR) to map subsurface archaeological
features in the Roman fortress located about 12km west of Deir az-Zor in Syria. Their study
demonstrated that SAR has the ability to penetrate dry soil and detect archaeological anomalies
in soil composition beneath the surface.

2.4.3 Vegetation

Archaeologists have used several vegetation characteristics as indicators of archaeological
sites. This is because the impacts of anthropogenic activities in the soil properties lead to the
formation of vegetation microenvironments, which have different properties compared to their
surroundings, therefore making them react differently to electromagnetic spectrum waves
(Rowlands and Sarris 2007). Generally, these include crop (vegetation) marks indicated by
differences in the growth of crops as a result of past human activity in the area, which affected
soil physical and chemical properties (Wilson 1975). These affect vegetation such as cereal
crops and grasslands (Aqdus et al. 2008; Evans and Jones 1977; Gojda and Hejcman 2012;
Riley 1987; Wilson 1975). In the African archaeological context, common ecological
indicators appear as differences in vegetation species or growth (Clark et al. 1998; Reid 2016).
Denbow (1979) prospected for archaeological sites previously occupied by farming
communities in central-eastern Botswana based on microenvironments formed by the
differences in vegetation species within archaeological landscapes. The vegetation covering
middens from these farming communities’ sites formed microenvironments conducive for the
growth of cenchrus ciliaris grass, within colophosperm mopane, acacia and terminalia species
dominated woodlands. The cenchrus ciliaris dominated microenvironments appeared as bright

bald spots within the woodlands when viewed from black and white aerial images.

In recent times the use of satellite images in surveying for archaeological sites has led to the
use of vegetation indices which capture information about the vegetation beyond the visible
spectrum. The most commonly used vegetation index, the Normalised Difference Vegetation
Index (NDVI) (Agapiou et al. 2014a; Lasaponara and Masini 2006; Parcak 2009), helps in
analyzing the types of vegetation present, the health status of vegetation and understanding the
conditions affecting it (Cihlar et al. 1991; Govaerts and Verhulst 2010; Tucker 1979).
However, the performance of various vegetation indices differs across archaeological contexts
therefore there is always a need to test the accuracies of various vegetation indices in detecting

the archaeological features of interest (Agapiou et al. 2012a; Agapiou and Hadjimitsis 2011).
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Bennett et al. (2012) has demonstrated that vegetation indices such as Modified Red Edge
Normalized Difference Vegetation Index the outperformed the widely used NDVI when
mapping archaeological features on the calcareous grassland of the Salisbury Plain, Wiltshire.

2.4.4 Challenges in mapping archaeological sites using remote sensing

Mapping archaeological resources using remote sensing encompasses using a wide range of
groundborne, airborne and spaceborne sensors, all of which have external and internal
limitations when used in archaeological applications. These limitations may either be a result
of environmental conditions or the sensors’ spectral and spatial resolutions (Ebert 1984; Fowler

2002; Parcak 2009).

The spatial resolution of remote sensing devices used in archaeological applications determines
what can or cannot be detected on the ground (Parcak 2007; Siart et al. 2008). This means that
archaeological sites which are smaller than the smallest spatial unit which can be detected by
the remote sensing device, will not be detected (Keay et al. 2014; Lasaponara and Masini 2007;
Wilkinson et al. 2006). This is because archaeological sites differ in size depending on their
material composition (Renfrew and Bahn 2012). Their size ranges from a small distribution of
artefacts which can be about 10m? or less in size, up to the distribution of features covering
stretches of a few square kilometres (Buck et al. 2003; Denbow 1979; Phillipson 2005; Renfrew
and Bahn 2012; Sadr 2003). In using aerial photographs to detect archaeological sites in
Botswana, Denbow (1979) was not able to identify middens which were less than 50m in
diameter, because they were not visible in the photograph. Earlier satellites produced low-
resolution images both in spatial and spectral terms (Challis and Howard 2006; Ebert 1984).
Even though the spatial resolution of satellite sensors has improved, there are still some
archaeological features which are small enough not to be detected thus leading to a bias towards
the discovery of larger archaeological sites, which then results in misrepresentation and

interpretation of the archaeological record.

The composition of archaeological material also has an effect on the use of remote sensing in
archaeology (Beck 2007; Parcak 2007). In most cases some of the materials making the
archaeological features were harvested from the surrounding environment or modern structures
being constructed using similar material; for example, modern towns being constructed from
the same soil that was used to construct ancient tells (Corrie 2011; Parcak 2007). The
aforementioned processes, as a consequence, result in the archaeological resources and their

background environment having subtle spectral differences which makes it difficult for remote

34



sensing to be applied, depending on the spectral and spatial abilities of the sensor, in
archaeological researches (De Laet et al. 2007). This is because some sensors, especially
hyperspectral sensors, may have spectral bands which are better positioned to detect the subtle
spectral difference existing between the archaeological features and their environment.

Environmental factors such as the vegetation and atmospheric conditions can prohibit the
detection of archaeological features through remote sensing. This is because the detection of
archaeological material using aerial photographs largely depends on archaeological marks that
can be seen from the air (Riley 1987) while distinct spectral signatures play a major role when
using satellite images (Buck et al. 2003). Vegetation may cover the archaeological features
thus obscuring their visibility on photographs and satellite images or obscuring their spectral
reflectance (Denbow 1979; Mason 1968; Parcak 2009). Mason (1968) identified most of the
stone walls through the ground survey. Atmospheric conditions such as cloud cover may
prevent visibility of archaeological features on the images (Parcak 2007). Other factors
affecting the use of remote sensing in archaeology include environmental conditions such as
vegetation cover (Devereux et al. 2005; Doneus et al. 2008; Pryce and Abrams 2010). Studies
have also shown that the visibility of archaeological signatures is affected by seasonality
(Bennett et al. 2012; Corrie 2011; Gojda and Hejcman 2012). For example, Parcak (2007)
found out that the wet season is the best for detecting tell sites in Egypt because of their high

moisture content than their surroundings.

The computing concept of garbage in garbage out is critical in collecting, processing and
interpreting the remote sensing data because its value is not intrinsic, but rather requires a
transformation to become information (Jensen 2015). This is because the methods used,
experience and the ability to plan, map features, read and interpret images by the personnel
engaged in collecting, processing and analysing remotely sensed archaeological data also play
a critical role in influencing the outcome of a remote sensing based study (Cerra et al. 2018;
Parcak 2009; Sadr 2016a; Tapete and Cigna 2018). For example, Sadr (2016b) found high
variability in the way analysts digitised and classified stone-walled structures of archaeological
sites previously occupied by pre-colonial societies in the southern part of Gauteng Province,
South Africa.

Research has been done on the application of remote sensing techniques in archaeology by
scholars and heritage managers in the African continent. However, limited research concerning

the trends on the use of remote sensing, which has been regarded as the cost-effective
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systematic way of data collection and monitoring in archaeology, has been carried out (Corrie
2011; Lasaponara and Masini 2011; Tapete 2018). A recent review for the African continent
was published by Davis and Douglass (2020), which nevertheless is limited in that it
specifically focussed on the use of data from aerial and spaceborne sensors in African
archaeology. Furthermore the review highlights some of the data processing methods used by
researchers in the continent with without providing a deeper analysis the intensity of their use
across the continent. Therefore there is a need for an extensive review that will give a clear
representation about the trends on the use of remote sensing techniques in the archaeological
applications by researchers who are doing their work in the continent. These include the
statistical presentation of data processing and analysis methods used by researchers, locations
of the funding institutions and lead authors.

Based on the above challenges and the recent improvements in spectral and spatial resolutions
of the remote sensing sensors, it is imperative to review the use of remote sensing in African
archaeology and give a reflection of how archaeologists have adopted this technique across the
continent. This paper offers a critical overview of the literature on the use of remote sensing in
African archaeology. It seeks to establish: i) the remote sensing methods that have been used
in archaeological applications across the continent ii), the distribution of remote sensing in
archaeology across the African continent and, iii) the location of institutions that the lead

authors are affiliated to and the locations of funding institutions.

2.5 Material and methods
2.5.1 Literature search

The search for literature in this review was limited to articles exploring remote sensing
applications in African archaeology from 1940 to the first semester of 2019. The search was
principally carried out on Web of Science was chosen because it gives access to a number of
multidisciplinary databases, comprising 180 000 conference proceedings, more than 80 000
books, and 18000 journals which give a representative account of the wider trend on the use of
remote sensing in archaeology. The search was done by using different combinations of search
words which are likely to be used in the title, abstract and author keywords of an article on the
use of remote sensing in African archaeology. The search words used in this review include;
‘remote sensing’, ‘LIDAR’, ‘aerial photo’, ‘radar’, ‘airborne’, ‘satellite’, ‘archaeology’,
‘archaecometry’, ‘geophysics’, ‘Africa’ and the names of individual African countries. In the

instances where country names were not used, the search was refined using countries/regions
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from the Web of Science menu, in order to confine the search results to articles published about
research in African countries. Furthermore, only two search operators, ‘AND’ and ‘OR’ were
used to combine the keywords. Topic field tag was chosen in all the searches because it looks
for the used search words in the title, abstract, and author keywords of an article of interest.
Moreover, the Topic field tag uses Keywords Plus® to search for additional keywords which
are relevant to the search and may have been overlooked by the author of an article. The results
were manually verified by reading the articles appearing after conducting the search in order
to make sure that only papers addressing the use of remote sensing in African archaeology are
selected and avoid data redundancy. The literature search focussed on all research papers and
conference proceedings where different methods of remote sensing such as geophysics, aerial
photography, multispectral satellite and hyperspectral airborne remote sensing were employed
for data collection. In addition to the aforementioned searches, further searches were conducted
on ScienceDirect databases using search words similar to those used in the web of science as
discussed above. ScienceDirect databases offer subscription-based access to 34,000 e-books
and 3,500 journals featuring scientific and medical research. ScienceDirect was chosen to
supplement the Web of Science searches because of its strength on technology-based research
(Samadzadeh et al. 2013). However, ScienceDirect has limited features and does not have the
ability to provide information on indexes such as funding information which are available on
the Web of Science. As such, the supplementary papers identified in ScienceDirect were then
manually added to the Web of Science list prior to analysis. Furthermore, an additional search
was carried out on the reference lists of papers which were picked by the aforementioned
database searches. The identified papers were added to those from the main searches carried
out on the databases, for them to be included in the statistical analysis. However, the search on
the reference lists of the chosen articles did not reveal many additional papers, which means

only a few papers were not picked by the main searches.

2.5.2 Thematic grouping of literature
Group categories were developed to analyse the content of the research papers which meet the
set criteria for the use of remote sensing in the African archaeology. The sections underneath

elucidate the various steps of the content analysis.

2.5.2.1 Geographical region

The data was classified based on the African biogeographic regions such as desert, grasslands,

woodland, forest, shrubland, bushland and thickets. These biogeographic regions are spread
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across the African continent and are not confined to a single geographical region.
Biogeographic regions play a significant role in the application of remote sensing in
archaeological research as they have the ability to obscure or enhance the contrast of
archaeological feature to its surroundings.

2.5.2.2 Publication details

The information on the affiliation of the lead authors, type of publication and year of
publication were assessed. Publications were also divided according to the journals on which
they were published.

2.5.2.3 Funding bodies

The data on the funding agencies which supports the use of remote sensing in African
archaeology was also assessed. This was done in order to investigate the base location of
agencies which fund research in the African continent. Data indexed by Web of Science on the

funders of research papers was used in this analysis.

2.5.2.4 Remote sensing systems

The articles were grouped into systems, which were used for data collection in order to find
out the preferred system. Retrieved literature was then divided according to the methods used
when collecting data for each publication. The chosen methods were grouped into geophysical
surveys, satellite remote sensing, aerial photography, multispectral and hyperspectral airborne
remote sensing. In cases where more than one method was used for data collection, the paper

was put into a general remote sensing category.

2.5.2.5 Data processing

The retrieved articles were grouped into methods, which were used for data analysis in order
to find out which one is preferred by the researchers. The chosen methods were grouped into

visual inspection, image enhancement, supervised and unsupervised classification.

2.6 Results
2.6.1 Publication details

An in-depth literature search for the use of remote sensing methods in archaeological research
in Africa revealed 80 journal articles. The first articles identified were published in 1968 and

since then there was a single publication every 8 to 11 years until 1996 (Figure 2. 2). The
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frequency of publications between years increased from 1996 with at least one publication in
every three years or less. Beginning 2007, there were regular publications using remote sensing
applications in archaeological research in Africa with at least three or more papers being
published each year. Most publications were done in the year 2016, which had a total of 16
articles.

number of articles

196819791987199619971998200120042007200820092010201120122013201420152016201720182019

Year of publication

Figure 2. 2 Annual number of published articles, which used remote sensing methods in archaeological research

in the African continent

The articles were published in 40 different journals. The majority of the papers were published
in international scientific journals, as shown in Figure 2. 3. The Journal of archaeological
science was the most preferred journal carrying 10 articles which are 12.19% of the overall
publications. Less than half of the articles were published in local and regional journals such

as African studies and South African Archaeological Bulletin.
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Figure 2. 3 Number of published articles per journal where remote sensing has been used in archaeological

applications in Africa.
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Researchers who are interested in the use of remote sensing applications in archaeological
research in the African continent are based in fifteen different countries across the world
(Figure 2. 4). A large number of these researchers are affiliated to foreign institutions. The
USA has 19 authors affiliated to its institutions, thus making it the country with most lead
authors. UK and Italy are also non-African countries with high numbers of lead authors being
affiliated with their institutions. On the other hand, Egypt (10) and South Africa (8) are the
only African countries with a relatively high number of authors who are affiliated with their

institutions.

20 1
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12 A

10

Number of Authors

Country

Figure 2. 4 National affiliation of the lead author for remote sensing literature in African archaeological contexts.

Research funding in Africa largely comes from foreign-based institutions. European based
institutions contribute 58% of research funds to the African continent (Figure 2. 5). African
based institutions contribute only 15% of the funds. Asian based institutions were the least

contributing institutions at 1%.
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Figure 2. 5 The continental distribution of institutions funding research that adopted remote sensing applications

in African archaeological contexts.

2.6.2 Remote sensing systems

The results from this study show that remote sensing data from various groundborne, airborne
and spaceborne sensors have been widely used in African archaeology. These include the use
of multispectral data from optical and radar sensors aboard satellite platforms. The majority of
researchers studying African archaeology used data collected from satellite sensors (Figure 2.
6). Geophysical survey techniques are the second most common method of data collection in
African archaeology, with 26% of the studies using it alone and 6% of the studies using
geophysical methods in combination with other methods of data collection (i.e. aerial

photography and satellite imaging). Only 1% of the studies collected data using a laser scanner.
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Figure 2. 6 Remote sensing systems used to capture archaeological data in Africa

2.6.3 Data processing

The results of this study demonstrate that researchers who are using remote sensing data for
archaeological applications in the African continent prefer image enhancement methods (33).
Visual inspection is the second most popular method, with 29 publications, of image analysis
amongst Africanist archaeologists using remote sensing data for archaeological applications.
Combining two or more data processing methods is uncommon amongst archaeologist doing
research in African continent. There were only three publications per each combination of
image enhancement & visual inspection (De Laet et al. 2015; Rayne et al. 2017; Subias et al.
2013a), classification & visual inspection (Biagetti et al. 2017; Reid 2016; Salvi et al. 2011)

and classification and image enhancement (Blasco et al. 2017; Gaber et al. 2013; Parcak 2007).
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Figure 2. 7 Data processing techniques used for image analysis

2.6.4 Distribution of remote sensing applications in African archaeology

The use of remote sensing applications in archaeological research in Africa is unevenly
distributed, as it covers only fourteen countries out of 54 (Figure 2. 8). A large number of
researches were carried out in the Sahara desert and grassland environments of Eastern and
Southern Africa. Very few researches were conducted in the forest, woodlands and bushland
and thickets environments. At the national level, Egypt has 35 publications where remote
sensing methods where remote sensing techniques were used in archaeological applications.
This made it a country with the highest number of publications where remote sensing
techniques were applied in archaeological researches, followed by South Africa with 12
publications. There is a notable lack of research using remote sensing in central African
countries, which include Gabon, Democratic Republic of Congo, Congo, Central African

Republic, Burundi, Rwanda and Uganda, no publication was recorded.
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Figure 2. 8 Distribution of research publications in relation to biogeographic regions. The biogeographic region

map has been modified from White (1983) and Burgess et al. (2004)

45



2.7 Discussion

This paper aims to provide a comprehensive review of publications on African archaeology,
which used remote sensing applications. This was achieved by a search using Web of Science
supplemented by ScienceDirect and reference lists of known articles for studies on the
applications of remote sensing techniques in African archaeology. The findings of this study
have revealed that remote sensing techniques have not widely been adopted for use in African
archaeology. However, this search was not exhaustive because it was only based on English
written publications from the two above-mentioned databases and their reference lists. The
review shows that very few studies were conducted during the late 20" century. This might be
due to the expensive nature of aerial photographs which were widely used during the
aforementioned period and the bureaucratic limitations resulting from legislative measures that

regulated ways in which aerial images can be captured (Connah 2008; Parcak 2007).

This study shows that most of the lead researchers’ in studies where remote sensing techniques
were used in archaeological applications and the funds used in those studies are from
institutions based outside the continent. This is in line with findings of Schmidt (2006) who
posited that funding of archaeological research in the African continent is dependent on foreign
researchers and institutions. This might be due to lack funding for African based researchers
as governments in Africa prioritise poverty alleviation programmes than archaeological
research which is deemed to be of less importance (Chirikure 2013; Pikirayi 2015), less
research time and high teaching loads for researchers in institutions of higher learning (Ucko
1993). Hence the need to encourage African countries to channel funds towards heritage
researches as an effort to support local researcher’s interpretation of archaeology by natives.
Furthermore, channelling funds towards intensifying research on local heritage will help
improve communities self-esteem, create employment and build national identity (Chirikure
2013). Additionally, the development and use of cost-effective systematic site surveying,
documentation and monitoring techniques will encourage local researchers and heritage

managers to take a more active part in research and fieldwork.

This review has shown that the researchers who are doing their work in the continent published
it in both local and international journals. The most targeted journals were peer-reviewed
international scientific journals with high impact factors, which therefore highlights the quality
of the researches done in the continent (Garfield 1999; Tahmtan et al. 2016). Furthermore,
international journals expose the articles to a wider international audience, such as scholars and

heritage managers, therefore increasing their chances of being globally influential in remote

46



sensing applications in archaeology and cited. However, publishing the data in specialised
journals which are published on subscription-based databases might be hampering the spread
of knowledge of techniques to other scholars, heritage managers and the interested public,

especially in African countries where funding is an issue.

The review has revealed that early archaeological researches based remote sensing techniques
employed aerial photographs to map surface archaeological features based on the visibility of
their form (Mason 1968; Seddon 1968b) and ecological indicators (Denbow 1979). Despite the
success achieved by the previous researches that mapped archaeological sites using aerial
photographs, studies surveying for archaeological sites using aerial photography are limited by
the fact that it only captures data within the visible spectrum. As a consequence, archaeological
sites with characteristics beyond the visible spectrum are missed during the survey. Hence, the
need for further research using sensors which can cheaply capture data beyond the visible

spectrum.

In recent years with public availability and the improvement of spatial, spectral and temporal
capabilities, the ability of various optical and radar satellite sensors in a wide range of
archaeological applications in Africa has been investigated. This is in line with the worldwide
use of remote sensing techniques in archaeological applications which increased during the late
1990s and early new millennium (Agapiou and Lysandrou 2015). Some of the commonly used
data in African contexts include images from optical sensors aboard satellite platforms such as
Quickbird-2, WorldView-2, Landsat, CORONA, IKONOS and those loaded on software
platforms such as Google Earth (De Laet et al. 2007; Elfadaly et al. 2018; Mondino et al. 2012;
Parcak et al. 2016; Subias et al. 2013b). These include a study by Parcak (2007) data from a
wide range of satellite sensors such as Landsat 7, SPOT 4, Corona, and Quickbird was used to
detect tell sites over large and inaccessible areas in Egypt. The study demonstrated the utility
of multispectral satellite images in detecting archaeological sites using spectral signatures
beyond the visible spectrum, especially in the contexts where they possess similar visual
characteristics with their surroundings. However, the importance of spatial resolution in
detecting archaeological features was highlighted in the study by Parcak, as known features
that did not meet the required smallest spatial unit that can be detected by SPOT sensor missed
during the survey. The archival nature and high temporal resolution of satellite images have
also enabled archaeologist to monitor the status of archaeological sites over time and identify
hazards that threaten their preservation (Blasco et al. 2017; El-Behaedi and Ghoneim 2018;

Salman et al. 2010). In some cases, spectral difference of archaeological data captured by
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multispectral sensors has been referenced using field spectroscopy data, due to its high spectral
resolution (Salvi et al. 2011; Schmid et al. 2008).

The layout of subsurface archaeological features within an archaeological landscape have been
primarily investigated using data from radar satellites (Blasco et al. 2017; Chen et al. 2015;
Gaber et al. 2013; Stewart et al. 2013) and geophysical survey methods (Creasman et al. 2010;
Fleisher et al. 2012; Klehm and Ernenwein 2016; Parcak et al. 2017). The aforementioned
studies proved the worth of remote sensing techniques in improving the knowledge of both
surface and subsurface archaeological record in the continent without using destructive
methods like excavation.

Researchers across the continent used a wide variety of image processing techniques. The
image enhancement techniques were mostly used to improve the visibility of archaeological
features and/or proxy indicators in the images (Ginau et al. 2017; Rayne et al. 2017). Mondino
et al. (2012) assessed the ability of several image enhancement methods including filtering,
density slicing and histogram stretching to reveal invisible archaeological traces of old
Egyptian cities at Jebel Barkal. Their findings indicated that image enhancement methods have
different abilities to enhance the visibility of archaeological traces captured using bands beyond
the visible spectrum. Visual inspection was primarily used to identify archaeological traces
which are prominent in the landscape when analysing data captured using airborne and
spaceborne sensors (Biagetti et al. 2017; Parcak et al. 2016, 2017; Rayne et al. 2017; Reid
2016; Sadr 2015). Image classification methods were used to discriminate different
archaeological features using bands within the visible spectrum (Clark et al. 1998; Reid 2016).
Parcak (2007) successfully used unsupervised and supervised classification methods to detect
tell sites in Egypt based on the variations on their moisture content. She established that there
are moisture content variations between tell sites and their surroundings which are captured by

red, green and blue bands of multispectral sensors.

The application of remote sensing techniques in African archaeology is concentrated in areas
characterised by open environments such as deserts, shrubland and grasslands (Biagetti et al.
2017; Parcak 2007; Sadr and Rodier 2012). This might be influenced by the ability of sensors
to capture data at the surface level with less interference from vegetation in those areas. This
review identified only two publications on the use of remote sensing in archaeology, which
were carried out within the forests of West Africa. The limited research using remote sensing

applications in archaeology within the forests and woodlands of Central and West Africa might
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be due to the interference from the vegetation. This is also in line with findings from Pryce and
Abrams (2010) who posits that archaeological materials covered by vegetation canopy are not
being picked by remote sensing instruments especially multispectral sensors because of their
inability to pierce through tree cover. Even though active sensors with the ability to penetrate
vegetation cover can be used to curb the aforementioned limitation, their price tag is a huge
hindrance to their use in archaeology. Furthermore, Devereux et al (2005) found out that the
other limitation to using them is their inability to work well in wet seasons when the vegetation
has not lost its leaves. However, some studies in vegetated areas have used vegetation health
or type as a proxy indicator of archaeological features covered by vegetation (Clark et al. 1998;
Corrie 2011; Denbow 1979; Reid 2016). The other limitations leading to less representation in
the above-mentioned African regions might be due to political instabilities hampering research
and the language barrier since this search was for English written articles. The publications for
researches carried out within Central and West African countries are likely to be published in
French because the majority of countries in those regions are French-speaking.

2.8 Future research

Even though there has been some progress on the use of remote sensing in the archaeological
applications, research using remote sensing in Africa is sporadic and limited to a few features.
As aresult, there is a need to assess the possibility of using remote sensing systems with varying
spatial, spectral and temporal abilities under different sites, surface conditions and
environmental setting in African archaeology. This is because factors affecting the reaction of
archaeological features towards electromagnetic radiation are local in nature, therefore each
area needs its own spectral signature library as similar materials may react differently under
different conditions (Altaweel 2005).

The context of African archaeology is highly variable as discussed above and most of the sites
are undocumented due to restricted access, lack of funding and in some cases trained personnel
(Chirikure 2013; Connah 2008; Corrie 2011; Mcintosh 1993). Furthermore, a number of both
natural and anthropogenic factors threatens the preservation of archaeological heritage in the
continent (Blasco et al. 2017; Chyla 2017; EI-Behaedi and Ghoneim 2018; Parcak 2007; Parcak
et al. 2016; Salman et al. 2010). Hence, the need to develop cheaper, fast and systematic ways
of surveying, documenting and monitoring archaeological sites in the continent (Biagetti et al.
2017; Connah 2008; Mcintosh 1993; Parcak 2007). Remote sensing offers the aforementioned

capabilities, however, the ability of remote sensing systems to detect most of the surface and
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sub-surface archaeological features in the African archaeological context has not been tested.
These include the use of remote sensing in mapping archaeological features characterising
some landscapes previously occupied by Hunter Gatherers, Pastoral Societies, Early Farming
Communities and Complex Societies. Furthermore, in order to exploit properties of
archaeological materials which are beyond the visible spectrum, the ability of advanced
classification algorithms to work with limited data calls for the assessment of their capability
in archaeological applications due to limited nature of archaeological data. Above all, in order
to increase the output of remote sensing-based archaeological researches in the continent, there
is a need to improve access to remote sensing data and software (Klehm and Gokee 2020).
Additionally, where possible, the development of academic courses on remote sensing
applications in archaeology in African institutions should be encouraged or encourage
archaeologists to take remote sensing courses offered in other disciplines. Since this study
revealed that visual inspection of images is the most prefer methods of image analysis, the use
of semi-automatic classification methods is also encouraged amongst Africanist archaeologists
in order to enable fast, unbiased systematic surveys over large areas (Davis and Douglass
2020).

2.9 Conclusion
The main conclusions of this study are:

1. The use of remote sensing in African archaeology begun during the last decades of the
20th century with the use of aerial photographs. Satellite data is the most widely used
remote sensing system in the African archaeology followed by geophysical methods.

2. The use of remote sensing in African archaeology is skewed to open environments such
as deserts, grasslands while highly vegetated areas such as forests and woodlands
receive less attention.

3. The studies in African archaeology is led by foreign-based researchers and the majority
of research funding comes from foreign institutions.

The use of remote sensing techniques provided archaeological data beyond the visible spectrum
and facilitated large-scale archaeological site documentation and monitoring, especially in
restricted areas. Overall, this study has shown that the application of remote sensing in African
archaeology has increased since 2007. However, the research is largely dependent on
international researchers and funds. With the recent increase on the availability of open-source

high-resolution satellite data, there is a need to train the local researchers on the use of remote

50



sensing methods and expand remote sensing applications to other archaeological contexts in
the continent.
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CHAPTER THREE

3. Spectral discrimination of archaeological sites previously occupied

by farming communities using in situ hyperspectral data

This chapter is based on:

Thabeng, O. L., Adam, E. and Merlo, S., 2019. “Spectral discrimination of archaeological
sites previously occupied by farming communities using in situ hyperspectral data.” Journal
of Spectroscopy. Spectral Image Processing as a Tool for Analysis of Cultural Heritage:
Special issue, 1-21.DOI: https://doi.org/10.1155/2019/5158465
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Abstract

The use of remote sensing in archaeological applications is still at its infant stage. Therefore,
information on the spectral properties of archaeological features is needed to guide the future
developments of multispectral and hyperspectral satellite sensors with bands suitable for
archaeological applications. Hence, this study investigates the ability of field spectra
measurement to discriminate amongst non-sites (‘natural’ soils) and archaeological soils from
middens (rubbish-dumping areas) together with vitrified and non-vitrified dung from animal
byres of farming communities, using soil properties as indicators. First, we used traditional
geoarchaeological lab analysis methods (in general expensive and laborious) to identify
chemical compositions of different activity areas and tested for variations in the concentration
of elements between different soil types using analysis of variance. Feature selection methods,
random forest (RF) and forward variable selection (FVS), were used to select important soil
elements for the classification of the archaeological sites. FVS is a stepwise regression method
which repetitively adds one variable to the model that gives the best prediction per each step
forward while RF is a machine learning classification model inherent ability to test prediction
accuracy. Iteratively In the second approach, we evaluated the ability of new cheaper and less
labour intensive techniques, field spectroscopy reflectance measurements, to discriminate
among non-sites, middens, vitrified dung and non-vitrified dung byres. A feature selection
method, guided regularised random forest (GRRF), was used to identify important wavelengths
for the discrimination of abovementioned archaeological and non-archaeological soils.
Thereafter, the selected soil elements and wavelengths were used as input variables in RF
classification algorithm to classify the non-sites, middens, vitrified and non-vitrified dung. The
findings reveal that there is a significant difference in the composition of chemical elements
and spectral signatures of non-sites, middens, vitrified and non-vitrified dung. In summary,
high classification accuracies achieved when using field spectroscopy data proves that remote
sensing techniques can be used to exploit the spectral differences among the above-mentioned
soil types in mapping archaeological features characteristic of farming communities’

settlements.

Keywords: archaeology; remote sensing; guided regularised random forest; midden; non-

vitrified dung; vitrified dung
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3.1 Introduction

This study tests the feasibility of using remote sensing techniques to detect contrast which
might exist between archaeological features characterising archaeological sites previously
occupied by Farming Communities in the Shashi-Limpopo Confluence area. The presence of
archaeological material in the soil has a localised impact on the composition of physical and
chemical properties thus making different from surroundings (Oonk et al. 2009; Wilson et al.
2008). Anthropological activities such as animal penning and rubbish damping change soil
structure and colour. For example, refuse middens containing ash are normally characterised
by loose fine greyish particles (Walker 1983), whilst animal penning areas appear grey because
of the deposition of high organic animal secretions (Huffman 2009b). Chemically, human
activities have an impact on soil organic content, affecting the amount of phosphates
(Luzzadder-Beach et al. 2011) and potassium (Huffman et al. 2013). Middleton and Price
(1996) found out that there is a high concentration of K, P and Mg in the hearth area. Huffman
(2013) studied the formation and difference in the chemical composition of non-vitrified dung
and vitrified dung deposits in archaeological sites. This alteration of soil physical and chemical
properties occur through weathering and incorporation by depositing matter into an area and
tipping the balance in the pedogenesis process (Hejcman et al. 2011; Oonk et al. 2009; Schmidt
et al. 2014). Approaches for identifying different past human activity areas through
geochemical analysis are routinely used at intrasite level (Middleton 2004; Oonk et al. 2009;
Parnell et al. 2002; Wilson et al. 2008). Material remains and changes in soil physical properties
such as texture and colour are also of interest at a landscape level for the purpose of the
archaeological survey and site identification (Huffman 2009b; Jacobson et al. 2003).
Fieldwalking survey is the main method for identifying archaeological features visible on the
earth’s surface (Huffman 2009b; Huffman et al. 2013; Renfrew and Bahn 2012). However, in
areas where archaeological features are not clearly visible or structural information about the
use of space within a site is inconclusive, geochemical analysis methods have been employed
to identify archaeological sites (Oonk and Spijker 2015) or different activity areas within the
site (Parnell et al. 2002). The aforementioned traditional archaeological survey methods,
geochemical analysis and field walking, are time-consuming and expensive to carry out. On
the other hand, remote sensing techniques provide a cost-effective, reproducible and timely
approach to systematically surveying and monitoring large archaeological areas. Therefore,
they have been recently investigated as a potential preferred replacement for the costly and

laborious traditional archaeological surveying methods.
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The advent of very high-resolution multispectral sensors in the late 1990s did not only offer
the possibility of exploiting higher spectral resolutions with new bands but also offered an
opportunity for effective data processing methods in archaeological prospection (Rowlands and
Sarris 2007; Traviglia and Cottica 2011; Van Ess et al. 2006). The effective data processing
approaches include the use of digital processing methods which allowed for the integration of
data from various sources and the use of statistical methods in image analysis (Lasaponara and
Masini 2007, 2012; Leucci et al. 2002). The new bands in high-resolution multispectral sensors
are better positioned to analyse soil types and their properties. Furthermore, they are also good
for detecting plant stress, as such, most published remote sensing based researches in
archaeology has tested the use of vegetation indices calculated from multispectral remote
sensing data to identify archaeological anomalies (Agapiou et al. 2013; Agapiou and
Hadjimitsis 2011; Bennett et al. 2012; Lasaponara and Masini 2006). However, the complex
nature and small size of most archaeological features limit the wide use of multispectral
sensors, which are prone information loss and confusion due to low spatial and spectral
resolution (Mulder et al. 2011; Siart et al. 2008). The low spatial resolution here means fewer
pixels while lower spectral resolution means broad wavelength interval size. The consequent
spectral confusion can lead to a poor distinction between archaeological features in a landscape
with multiple features within a pixel or adjacent pixel energy transfer. Moreover, some
archaeological features may have subtle chemical and physical differences with their

environment, which might be masked by multispectral sensors.

Spectroscopy data, which are commonly captured using airborne, handheld and spaceborne
sensors offer hundreds of narrow spectral wavebands in the visible and infrared spectral
regions. These narrow wavebands allow for an exhaustive exploration of detailed
archaeological data that is otherwise missed by the generic wavebands captured by
multispectral sensors (Aminzadeh and Samani 2006; Fowler 2002). These include the detection
of subtle variations of attributes such as vegetation health status (Doneus et al. 2014). However,
using spaceborne and airborne data comes with challenges related to the spectral mixture of
features, radiometric and wavelength calibration uncertainties which as a result affects the
quality of captured data (Casa et al. 2013; Gomez et al. 2008; Lagacherie et al. 2008; Mulder
et al. 2011). Radiometric uncertainties are generally caused by the effects of solar illumination
and atmospheric conditions on the signal (Agdus et al. 2008; Lillesand et al. 2008). Spaceborne
and airborne sensors also lack high spatial and spectral resolution similar to that of the handheld
spectrometer (Adam et al. 2012; Analytical Spectral Devices, Inc. 2018; Casa et al. 2013,
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Gomez et al. 2008; Kokaly 2016; Kruse et al. 2003; Lagacherie et al. 2008; Mulder et al. 2011,
Rani et al. 2017). In consequence, the aforementioned challenges have resulted in the limited
use of both airborne and spaceborne hyperspectral data in soil analysis (Mulder et al. 2011).

In recent years, laboratory visible-near infrared (VISNIR)/ short-wave infrared (SWIR)
spectroscopy data has been viewed as a potential cost-effective option to the field-based survey
and traditional laboratory approach for soil analysis (Ben-Dor et al. 1997; Gandariasbeitia et
al. 2017; Lagacherie et al. 2008; Rossel and Behrens 2010; Shepherd and Walsh 2002; Vohland
et al. 2014). This has led to the development of spectral libraries documenting the spectral
signatures of different soils and their properties. Researchers have used field spectroscopy data
to assess soil properties such as organic content, minerals, texture and moisture (Kopackova
and Koucka 2017; Nawar et al. 2016; Ogen et al. 2017, 2018; Shepherd and Walsh 2002; Xu
et al. 2016). Therefore, field/handheld spectroscopy data might be useful for documenting the
spectral signatures of archaeological sites with subtle variations in the aforementioned soil
properties. These include sites characterised by archaeological features including middens,
vitrified dung and non-vitrified dung deposits because of their variations in physical properties
such as texture, colour and material composition. Middens are characterised by fine ashy
deposits which are highly moisture retentive and as a result may increase its spectral absorption.
The vitrified dung is composed of pebbles of highly reflective, less moisture retentive glassy

like material while non-vitrified dung is characterised by fine deposits of greyish dung.

The documentation of the reference data for the spectral reflectance of different archaeological
features in a library is lacking. In the recent past, only a few researches have used field
spectroscopy/hyperspectral data to document the spectral signatures of vegetation overlaying
archaeological material and investigate the potential of detecting and mapping the vegetation
health as a proxy indicator of buried archaeological materials (Agapiou et al. 2010, 2012a; b;
Sarris et al. 2013). Additionally, hyperspectral data has also been used to detect geological
areas which were possibly sourced for raw materials, chloritite and obsidian, by past societies
(Dumitru and Harrower 2018; Sivitskis et al. 2018). Consequently, the role of field
spectroscopy in archaeological applications is still poorly explored. For instance, and to the
best of our knowledge, there is no study to date examining the use of field spectroscopy in

discriminating archaeological surface features using soil characteristics as indicators.

One of the most notable challenges in the use of field spectroscopy is the large data redundancy

due to high spectral resolution leading to a strong correlation between the spectral features
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(Feng et al. 2016). This high dimensionality requires sufficient training sample and
computational process which might be time-consuming and prohibitive in cost (Burger and
Gowen 2011; Farrell and Mersereau 2005). Dimensionality in this study means the number of
spectral attributes our dataset have. In most archaeology studies, the size of the training samples
is restricted by a number of factors such as the magnitude of archaeological sites, heterogeneity
of potential samples or issues of accessibility. This may result in some problems such as the
Hughes phenomenon or “curse of dimensionality”, whereby the accuracy of classification
algorithms decreases when working with a limited number of training samples (Fukunaga and
Hayes 1989; Taskin et al. 2017). This is because the training sample has to be large enough to
capture the variability between the features (Fukunaga and Hayes 1989; Ham et al. 2005; Jain
and Waller 1978). As a result, there is a need for the reduction of dimensionality when
processing field spectroscopy data in order to avoid the aforementioned challenges.
Dimensionality reduction methods improve the discriminative ability of the dataset by
decreasing the number of spectral bands without dropping vital information (Cai et al. 2014;
Jia and Richards 1999; Wei et al. 2016). Numerous variable selection methods have been used
to decrease the high dimensionality in hyperspectral data by selecting the most important bands
for data classification. The most commonly used feature selection methods are genetic
algorithms (Li et al. 2011; Ma et al. 2003; Zhuo et al. 2008) and random forest (RF) (Abdel-
Rahman et al. 2013; Adam et al. 2012). Genetic algorithms (GA) are based on the process of
natural selection, influenced by the principle of survival of the fittest. GA is usually embedded
in classifiers such as SVM as a band selection algorithm (Bazi and Melgani 2006; Li et al.
2011; Zhuo et al. 2008), in order to improve classification accuracy. However, genetic
algorithms are vulnerable to random correlations of the features (Jouan-Rimbaud et al. 1996)

and have high computational demands (Li et al. 2011; Zhang et al. 2009).

RF classifier, which has been described as the best machine learning algorithm for handling
high dimensional data (Gislason et al. 2006), measures the importance of each variable in
classification. However, it is prone to producing redundant features because of its biases
towards the correlated predictors (Nicodemus et al. 2010; Uddin and Uddiny 2015). In RF
samples for bagging are most commonly dominated by less important features, therefore,
degrading the classification accuracy (Nguyen et al. 2015). RF also ranks features without

selecting a subset of optimal features (Adam et al. 2012).

Recently, Deng and Runger (2013) developed a guided regularized random forest (GRRF)

algorithm aimed at curbing the limitations of the traditional RF algorithm. GRRF eliminates
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feature redundancy by not selecting features carrying similar information with the already
selected ones in a subset at each node (Deng and Runger 2013). GRRF algorithm guides feature
selection process in the regularised RF using importance scores from the normal RF (Deng and
Runger 2013). To date, only two studies that have used GRRF for the reduction of high
dimensionality in hyperspectral data for vegetation studies (Adam et al. 2017; Mureriwa et al.
2016).

This study investigated whether field spectra measurement can discriminate archaeological
sites using soil properties as indicators. More precisely, the objectives of the study were to (i)
investigate if there is any significant difference in concentration of soil elements across
different archaeological sites, namely middens, vitrified and non-vitrified dung byres (ii) use
in situ hyperspectral measurements to discriminate among non-sites (natural soils), middens,
vitrified and non-vitrified dung (iii) identify important wavelengths for discriminating among

the aforementioned features using the guided regularized random forest algorithm.

3.2 Materials and Methods

3.2.1 Study area

The study was conducted in the Mapungubwe cultural landscape, located at the confluence of
the Shashi and Limpopo rivers, in the province of Limpopo, South Africa, shown in Figure 3.
1. The Shashi-Limpopo Confluence Area (SLCA) forms the boundary of three countries;
Botswana towards west, South Africa towards south and Zimbabwe towards the north.
Geologically, the SLCA lies within Limpopo Mobile Belt which joins the Zimbabwe and
Kaapvaal cratons (Chinoda et al. 2009b). This area is characterised by igneous and sedimentary
rocks of the Karoo super group (Bordy and Catuneanu 2002). Erosion is rampant, in particular
in areas closer to the river channels, therefore, forming sandstone ridges and outcrops which
cover most parts of the SLCA with a sparse distribution of volcanic intrusions (Gotze et al.
2008; Hanisch 1981a). Generally, soils in the Limpopo mobile belt include clays and sands

originating from the Karoo system (Gotze et al. 2003).

58



20°00°E 30°0'0"E 40°0'0"E
1 1 1

22°0'0°S
22°0'0"S

........
...............

w0ooso ™ 1ov00"s

Angola

et =

2000 F20'00"s

. Namibia Botswana Q0. -.

= South Africa . v
30°00"5] Lesotho |-30%0'0"s.

T T T
A' 20°0°0"E 30°0°0°E 40°0'0"E

0 650 1300 2 G?(OM SEGE. ey
0 10 20 40
KM *  Farming communities sites
, International Boundary
|:] Study area

= River

Figure 3. 1 Location of the SLCA in southern Africa with some of the major farming communities sites mentioned
in the text.

Archaeologically, the study area has been continuously occupied by different groups of farming
communities since 900 AD (Calabrese 2000; Eloff and Meyer 1981; Huffman 2000; Vogel and
Calabrese 2000). These societies practised the central cattle pattern (CCP) settlement system
(Hanisch 2002). This is a settlement system whereby animal byres are located at the centre of
the settlement, close to the male gathering area (Huffman 2009a) (Figure 3. 2). Social changes
in the SLCA occurred during the twelfth century AD, with the occupation of Mapungubwe hill,
when leaders and commoners became physically separated (Huffman 2000; Meyer 2000).
Animals were only kept at commoner settlements where the CCP continued to be practised,
whilst rulers would reside in stone walled elevated areas, secluded from the commoners
(Huffman 2000). The archaeological features characterising these sites are vitrified and non-
vitrified dung byres, middens, grain bins and pottery scatters. The great majority of
archaeological sites occupied by late farming communities in the SLCA appear as open spaces
within woodland vegetation especially those characterised by vitrified and non-vitrified dung.
The aforementioned differences in vegetation cover might possibly be influenced by the
chemical composition of vitrified and non-vitrified dung sites which was found to be different
from that of their surroundings (Denbow 1979; Huffman et al. 2013).
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Figure 3. 2 Scketch of Schroda village 1 (2) RGB Google Earth imagery; (b) a sketch detailing the outline of the

early farming community as interpreted by Hanisch from excavation (adapted from Hanisch 1980, p. 224)

Middens are areas where the general waste of a household, including remains of unused
materials such as broken potsherds, animal bones, beads and other utensils and ashes from
fireplaces were discarded (Chirikure et al. 2014; Huffman 2012). Middens differ in size
depending on the duration and density of site occupation (Eloff and Meyer 1981). Some of the
middens in areas classified as capitals, such as K2, reached a diameter of 182.88 metres and a
depth of 6 meters (Fagan 1964; Huffman 2009a; Voigt 1983) while others are just few
centimetres wide and very shallow. Vitrified dung and non-vitrified dung are two types of dung
deposits in the study area, which indicates areas where animals were kept in the settlement.
Vitrified dung is formed by the burning of dung deposits which at least more than a meter in
thickness, at very high temperatures (in the region of 1100 °C) (Peter 2001; Thy et al. 1995).
Vitrified dung contains high gquantities of nitrates and phosphates which makes it impossible
for some grasses to grow on them (Peter 2001). Non-vitrified dung is dung deposits, which
maintained their original form. The byres for both livestock and cattle have an average diameter

of 3 meters and 18 meters, respectively (Huffman pers comm. 2018)

3.2.2 Soil samples collection and analysis

Soil samples for three archaeological features (middens, vitrified and non-vitrified dung areas)
and bare soil (non-archaeological site) from the surrounding natural landscape were collected

for lab spectral measurement and chemical analysis. A purposive sampling technique was used
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during the fieldwork data collection by visiting sites which appear in the literature and are
affirmed to have dung deposits and middens (Huffman 2009b, 2011). In order to avoid
contamination with the archaeological features due to wind and water erosion, bare soil
samples were collected from areas far away from the archaeological sites. A representative
sample of a feature was attained by collecting at least three per feature identified. The samples
were collected at the centre, mid-way between the centre and the edge and towards the edge of
the feature. This was done in order to overcome the potential heterogeneity of a single feature
and establish a range of value that accounts for variations within the same feature. A total of
356 samples were collected at 0-20 cm depths which corresponded to the surface horizon at
each sampling site and a GPS point was taken as a spatial reference. All the collected soil
samples were packaged in zip-lock plastic bags for field spectral measurements and chemical
analysis in the laboratory.

3.2.3 Laboratory spectral data acquisition

Soils collected in the field were air dried and sieved to 2mm (Ogen et al. 2017) before being
flattened on a black plastic plate to create a smooth surface. Spectral reflectance measurements
were carried out in a controlled environment using the Analytical Spectral Devices (ASD)
FieldSpec® 4 optical sensor with a sampling interval of 1.4nm between 350-1000nm and 2nm
between 1001-2500nm (Analytical Spectral Devices, Inc. 2018; Danner et al. 2015). The
Analytical Spectral Devices (ASD) FieldSpec® 4 optical sensor has a 350-2500nm spectral
range and spectral resolutions ranging from 3nm in the visible-near infrared region (350-
1000nm) to 10nm in short wave infrared region (1001-2500nm) (Analytical Spectral Devices,
Inc. 2018). The spectral measurements were taken from the surface of each soil sample at nadir
position with 10mm field of view using Hi-Brite contact probe fitted with 100W halogen
reflector lamp. The spectrometer was calibrated using a white spectrolon reference panel after
every 10 to 15 measurements. Soil samples from each bag were randomly divided into three
samples. Three spectral measurements were taken per each sample by randomly moving the
probe over the soil surface. The nine (n = 9) spectral measurement were then averaged to
represent the whole soil sample (Figure 3. 3). Between 60 and 117 samples were collected
from non-sites, middens, vitrified dung and non-vitrified dung sites in the field. All 2151 bands
were included in the analysis because the data was collected within a controlled environment
so there was no need to remove spectral bands to improve the signal-to-noise ratio. The

reference data was arbitrarily separated into training (70%) and test (30%) datasets.
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Figure 3. 3 Images and mean spectra for non-sites (NS), Midden (MD), Non-vitrified dung (NVD) and Vitrified
dung (VD) sites. The mean reflectance curves were constructed using spectral data collected under laboratory

conditions.

3.2.4 Soil analysis

The samples were analysed for the composition of 33 elements by ALS in Johannesburg. The
samples were air-dried and dry-sieved using a 180-micron screen (Tyler 80 mesh). Thereafter,
0.25 grams of a readied sample was then digested with perchloric, nitric, hydrofluoric and
hydrochloric acids. Thereafter, a dilute hydrochloric acid was mixed with the residue and the

resulting solution was analysed using inductively coupled plasma-atomic emission

spectrometry (ALS 2018).
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3.2.5 Statistical methods for soil analysis

Various statistical methods were used to test for variation and homogeneity of elements within
and between samples. Descriptive statistics were performed for the individual soil classes to
get the typical values, mean, median, standard deviation of the concentration of elements within
each class. The variation of the concentration of elements between and within classes was
measured using the coefficient of variation (CV) and interquartile range. The two
aforementioned measures of variation were chosen because of their ability to get rid of the
challenges associated with outliers (Fletcher and Lock 2005; Shennan 1997). The coefficient
of variation also has the ability to standardise data for comparing the variability of two or more
distributions from different or the same data with different means (Bedeian and Mossholder
2000; Fletcher and Lock 2005). The Levene’s test of homogeneity was used to test for
homogeneity of variances and Welch’s analysis of variance (ANOVA) was used whenever
homogeneity was violated. ANOVA was used to test if there are statistically significant
differences on the average composition of chemical elements between non-sites and each
archaeological features - middens, non-vitrified and vitrified dung (Bewick et al. 2004;
McDonald 2009a). The Games-Howell post hoc test was performed to find out which elements
are significantly different across the classes since variances were heterogeneous and sample
sizes were unequal. The level at which differences between the means were considered
significant was set at p< 0.05. However, the major limitation of ANOVA is that it is not linked
to any machine learning classifier therefore, it does not measure the importance of each element

in the prediction model (Ismail and Mutanga 2011).

To curb the aforementioned limitation, RF was combined with forward variable selection
(FVS) procedure in an attempt to locate the ideal subset of elements with the least classification
error (Adam et al. 2013). RF was used for ranking the variables based on the importance score
of the mean in decrease accuracy determined using out-of-bag (OOB) data and evaluating the
classification accuracy. Then a stepwise procedure was employed for FVS, whereby elements
were added into the model according to their importance beginning with the most important
one (Mansour et al. 2012). The method continued by repetitively constructing new RF models
while adding a single element in each iteration and recording the OOB error. The parameters
for the number of trees to be grown (Ntree) and the number of variables needed to split each
node (Mtry) were optimised using grid search at each iteration. This procedure was reiterated

until all elements were utilised; then the smallest subgroup of elements with the least OOB
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error was identified. The optimal elements chosen were then used as input variables to construct
two different classification models in RF classifier. In the first model, the subset of optimal
elements was used to classify non-sites, middens, vitrified dung and non-vitrified dung sites.
In the second model, the subset of optimal elements was combined with the optimal bands
chosen by GRRF and classification of non-sites, middens, vitrified dung and non-vitrified dung
sites was done. This was done in order to check if they would be an improvement in the
classification accuracy of the general model when optimum bands and soil elements are

combined.

3.2.6 Using guided regularized random forest for variable selection

GRREF is a feature selection algorithm which applies some form of regularisation to different
types of decision trees models, performing a selection of feature subsets (Deng and Runger
2012, 2013). The regularisation is guided by scores of feature importance measured by the
traditional RF using the Gini index. Gini importance assesses the level of impurity of each
variable in relation to the importance it gained over others, in the sampled set of variables, and
select the optimal split at each node (Archer and Kimes 2008; Touw et al. 2012). The Gini

index at a node y, can be defined as follows:

k
Gini(y) = Z p,f(l - P;f) Equation 3.1
k=1

whereby p?{} denotes the proportions of observations for class k at node y. The Gini information
gain (h;,v) is then calculated as the difference between the Gini index at node y and the weighted
mean of Gini indexes at each child node of y. Gain information of feature h;based on impurity

at node y can be defined as follows:
Gain (hi,y)=Gain(y)-w.Gini(yL)- wrGini(yr) Equation 3.2

here, Gini(yL) and Gini(yr) represents the impurities while w and wr are the weights for the
left and right child nodes.

In GRRF regularisation is added to the Gain information from the traditional RF and each
individual feature is given a penalty coefficient. The regularised information Gain is defined

as:
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Ai.Gain(h;,y), h; ¢ F

Gain(h;,y) ={ Gain(hyy), h; & F Equation 3.3

Where A; ¢ (0,1) is the coefficient of regularisation for y; (i € {1, ..., P}) and F is the set of
features chosen in the preceding nodes. A; & (0, 1) is computed based on the importance score

of h; from the traditional RF as follows:
A=A —=y) +yImp; Equation 3.4

Where y € [0,1] is the importance coeficient and Imp; € [0,1] is the base coefficient
controlling regurlarisation. Regularisation allows the model to reduce redundancy associated
with tree models of feature selection, by only choosing a new feature for spliting data in a tree
node if it yields different information from the feature that was chosen in the earlier split.
Unlike other feature selection methods, the reguralized framework allows for the construction
of a single model at a time therefore reducing the time needed to train the model (Deng and
Runger 2012). GRRF also has the ability to select the ideal subset of variables with the lowest
misclassification error. In this study, GRRF was used to select the key wavelengths to
accurately discriminate among non-sites, midden, vitrified dung and non-vitrified dung. This
was done so as to reduce the high dimensionality inherent within the hyperspectral data (Abdel-
Rahman et al. 2014; Chan and Paelinckx 2008; Mansour et al. 2012). The key wavelengths
selected by GRRF were then utilised as input variables in the traditional RF algorithm to

discriminate among the non-sites.

3.2.7 Random forest classifier

RF classifier was used to discriminate between non-sites, midden, vitrified dung and non-
vitrified dung using key elements selected by FVS and their key wavelengths selected by
GRRF. RF classification algorithm has been extensively employed in the classification of both
hyperspectral and multispectral data (Abdel-Rahman et al. 2015; Akar and Giingor 2013; Chan
and Paelinckx 2008; Rodriguez-Galiano et al. 2012a). Generally, RF can be described as an
ensemble of classifiers which creates binary decision trees and assigns class basing on majority
votes at each node (Chan and Paelinckx 2008). The decision trees are grown independently of
each other using different samples, facilitated by bagging which randomly creates subsets of
the original datasets, with replacement, for each node (Genuer et al. 2010). The variables which
are not included in the bootstrap sample, which makes a third of the data, are called the out-of-

bag (OOB) sample (Belgiu and Dragut 2016; Genuer et al. 2010). Each tree grows without
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being pruned (Genuer et al. 2010). However, Ntree, the default number is 500 trees, and Mtry,

the default is the square root of the total number of variables /P, are defined by the user (Chan
and Paelinckx 2008). The mtry and ntree have to be optimised, in order to archive high
classification accuracies (Mutanga et al. 2012). This study identified the best combination of
mtry and ntree parameters using a grid search based on the OOB approximation of error (Tian
et al. 2009). The optimisation of Ntree was done using values ranging between 500 and 10000
at the interval of 500, while the mtry was optimised using a multiplicative factor of its default.

RF has inherent measures of variable importance and the ability to estimate prediction accuracy
(Belgiu and Dragut 2016). RF estimates prediction accuracy by cross-validating the bagging
sample with a third of the data being excluded from the sample (Touw et al. 2012). The
classification error from these accuracy predictions is called the OOB error. Variable
importance helps in understanding the relevance of each variable predictor in data
classification. Variable importance measures in RF comprise of mean variable importance/
mean decrease accuracy (MDA) and Gini importance (Archer and Kimes 2008). MDA was
calculated using OOB observations and was used to rank elements used as input variables in
the FVS model in this study. High MDA values indicate important variables in the
classification, while low values represent variables which are less important in the
classification. Gini index was used to assess the importance of different spectral bands in
discriminating different archaeological sites. High Gini impurity indicates heterogeneity
between classes while a lower Gini impurity indicates homogeneity within classes. Therefore,
features with a less mean decrease in Gini index are of less importance in the classification

because they do not play any role in splitting the data into classes.

3.2.8 Accuracy assessment

The accuracy assessment was done using a holdout dataset created by randomly dividing the
laboratory data into 70% training and 30% testing before classifying it. Misclassification was
assessed using the OOB error, which is an internal process of estimating RF error. An error
matrix was done to calculate the user’s accuracy, producer’s accuracy and the overall accuracy
for the assessment of classification accuracy of the RF classifier. Even though the cause of
correct allocations or misclassifications have been deemed as a needless component of
accuracy assessment, Kappa Coefficient was used in this study together with overall accuracy
(Pontius Jr and Millones 2011; Stehman and Foody 2019). This is because, despite it containing

data that is redundant to that of overall accuracy, it is still an important part of the accuracy
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assessment (Stehman and Foody 2019). A perfect agreement is achieved if the kappa value is
one or close to one (McHenry and Coffing 2000).

3.3 Results

3.3.1 Statistical analysis

This study used statistical methods to assess the concentration of elements within natural soils,
midden, vitrified and non-vitrified dung. The soil analysis was done on samples taken from
each of the abovementioned classes. The descriptive statistics for the concentration of different
elements are summarized in Tables 3.1, 3.2, 3.3, 3.4 for natural soils, vitrified dung, non-
vitrified dung and midden, respectively. Coefficient of variation (CV) is defined as a
proportion of the standard deviation to the mean. A high CV value indicates a higher degree of
variation between datasets while low CV values indicates less degree of variation. CV revealed
high variability of the concentrations of most elements within each soil class with the variation
between 12% and 50%. The concentrations of Zn and Cu within the midden were very highly
variable with a coefficient variation of 53.6% and 56.9%, respectively. The concentrations of
most elements across different classes are also highly variable. The mean concentrations of P,
Mn, Ca, Mg, Zn and Ba were very high in vitrified dung. Non-vitrified dung and midden also
had comparatively higher concentrations of the above-mentioned elements than non-sites
(Tables 3.1, 3.2, 3.3, 3.4).
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Table 3. 1 Summary statistics for the concentration of different chemical elements within natural soils

Element 1°T qu. median 3 qu. mean standard coefficient of

deviation variation

Ag 0.5 0.5 0.5 0.5 0.0 5.9
Al 3.7 4.2 4.5 4.1 0.5 12.5
As 5.0 5.0 5.0 5.0 0.0 0.0
Ba 375.0 400.0 500.0 430.0 65.3 15.2
Be 1.0 1.1 1.2 1.1 0.1 13.9
Bi 2.0 2.0 2.0 2.0 0.0 0.0
Ca 0.3 1.3 14 0.9 0.6 64.8
Cd 0.5 0.5 0.5 0.5 0.0 0.0
Co 4.0 8.0 12.0 8.0 4.1 50.9
Cr 24.5 43.0 62.0 50.5 324 64.0
Cu 135 25.0 30.5 24.7 12.0 48.3
Fe 1.0 1.8 2.5 1.9 0.9 49.3
Ga 10.0 10.0 10.0 10.0 0.0 0.0
K 1.0 1.2 1.3 1.2 0.2 15.8
La 25.0 30.0 30.0 27.3 4.7 171
Mg 0.3 0.6 0.7 0.5 0.2 46.0
Mn 251.5 388.0 504.0 387.9 144.0 37.1
Mo 1.0 1.0 1.0 1.0 0.0 0.0
Na 0.9 1.0 1.1 1.0 0.1 8.9
Ni 10.0 19.0 27.5 21.8 13.4 61.3
P 215.0 360.0 480.0 406.4 251.3 61.8
Pb 10.0 11.0 13.5 11.0 2.9 26.7
S 0.0 0.0 0.0 0.0 0.0 0.0
Sh 5.0 5.0 5.0 5.0 0.0 0.0
Sc 3.0 6.0 7.0 5.5 2.2 39.8
Sr 90.0 154.0 198.0 150.7 63.0 41.8
Th 20.0 20.0 20.0 20.0 0.0 0.0
Ti 0.3 0.4 0.7 0.5 0.4 71.2
TI 10.0 10.0 10.0 10.0 0.0 0.0
U 10.0 10.0 10.0 10.0 0.0 0.0
\Y/ 30.0 51.0 79.5 59.3 36.1 61.0
W 10.0 10.0 10.0 10.0 0.0 0.0
Zn 20.5 37.0 445 35.8 14.5 40.5
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Table 3. 2 Summary statistics for the concentration of different chemical elements within vitrified dung

Elements 1% qu. median 3" qu. mean standard  coefficient
deviation  of variation
Ag 0.5 0.5 0.5 0.5 0.0 0.0
Al 1.9 2.3 2.5 2.2 0.4 18.3
As 5.0 5.0 5.0 5.0 0.0 0.0
Ba 490.0 605.0 672.5 609.2 120.2 19.7
Be 0.5 0.6 0.6 0.6 0.1 18.8
Bi 2.0 2.0 2.0 2.0 0.0 0.0
Ca 7.1 8.8 11.5 9.0 2.8 314
Cd 0.5 0.5 0.5 0.5 0.0 0.0
Co 3.0 3.0 5.0 3.8 1.6 41.4
Cr 26.5 34.0 37.5 33.9 9.3 27.4
Cu 35.0 43.5 50.5 43.5 10.7 24.7
Fe 0.8 11 1.3 11 0.4 34.1
Ga 10.0 10.0 10.0 10.0 0.0 0.0
K 1.6 1.7 2.0 1.9 0.5 29.0
La 10.0 20.0 20.0 16.7 6.5 39.1
Mg 2.4 3.1 3.4 2.8 0.8 27.1
Mn 501.0 573.0 715.0 600.0 127.2 21.2
Mo 1.0 1.0 1.0 1.0 0.0 0.0
Na 0.4 0.5 0.6 0.5 0.1 28.3
Ni 17.0 21.0 24.5 21.7 55 25.4
P 9535.0 10000.0 10000.0  9279.2 1380.7 14.9
Pb 6.0 7.0 8.3 7.3 2.2 29.8
S 0.0 0.0 0.1 0.0 0.0 75.8
Sb 5.0 5.0 5.0 5.0 0.0 0.0
Sc 2.8 3.0 4.0 3.1 0.8 25.7
Sr 987.0 1527.5 1867.5 1471.3 571.2 38.8
Th 20.0 20.0 20.0 20.0 0.0 0.0
Ti 0.1 0.2 0.2 0.2 0.1 40.7
TI 10.0 10.0 10.0 10.0 0.0 0.0
U 10.0 10.0 10.0 10.0 0.0 0.0
\Y/ 16.3 26.0 36.3 27.0 14.4 53.3
W 10.0 10.0 10.0 10.0 0.0 0.0
Zn 102.0 141.5 192.5 149.7 55.6 37.1
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Table 3. 3 Summary statistics for the concentration of different chemical elements within non-vitrified dung

Elements 1% qu. median 3" qu. mean standard  coefficient of
deviation  variation

Ag 0.5 0.5 0.5 0.5 0.0 0.0
Al 2.9 3.0 3.7 3.6 1.0 28.6
As 5.0 5.0 5.0 5.0 0.0 0.0
Ba 450.0 490.0 560.0 517.1 79.4 15.4
Be 0.6 0.8 1.0 0.8 0.2 24.1
Bi 2.0 2.0 2.0 2.0 0.0 0.0
Ca 3.0 3.8 4.6 4.1 1.3 32.0
Cd 0.5 0.5 0.5 0.5 0.0 0.0
Co 5.0 7.0 10.0 1.7 3.3 43.2
Cr 57.0 78.0 83.0 75.2 25.7 34.2
Cu 30.0 35.0 40.0 37.6 13.0 34.6
Fe 14 1.7 2.5 1.9 0.6 32.0
Ga 10.0 10.0 10.0 11.2 3.3 29.7
K 1.1 1.3 1.4 1.3 0.3 19.1
La 20.0 20.0 20.0 22.4 4.4 19.6
Mg 1.1 1.6 1.9 1.6 0.5 33.4
Mn 477.0 504.0 587.0 533.4 97.0 18.2
Mo 1.0 1.0 1.0 1.0 0.0 0.0
Na 0.5 0.6 0.7 0.7 0.2 30.0
Ni 30.0 35.0 41.0 36.1 10.4 28.7
P 3260.0 5930.0 8580.0 5803.5 3099.1 53.4
Pb 8.0 10.0 12.0 10.2 2.9 28.3
S 0.0 0.0 0.0 0.0 0.0 41.6
Sh 5.0 5.0 5.0 5.0 0.0 0.0
Sc 4.0 5.0 6.0 55 1.8 32.0
Sr 431.0 552.0 675.0 573.4 194.6 33.9
Th 20.0 20.0 20.0 20.0 0.0 0.0
Ti 0.2 0.2 0.3 0.3 0.2 68.8
TI 10.0 10.0 10.0 10.0 0.0 0.0

U 10.0 10.0 10.0 10.0 0.0 0.0
\Y 35.0 40.0 78.0 54.2 24.9 46.0
W\ 10.0 10.0 10.0 10.0 0.0 0.0
Zn 89.0 113.0 122.0 103.2 34.5 33.5




Table 3. 4 Summary statistics for the concentration of different chemical elements within midden deposits

Elements 1% qu. median 3" qu. mean standard coefficient
deviation  of variation
Ag 0.5 0.5 0.5 0.5 0.0 0.0
Al 4.0 5.2 5.6 4.8 0.9 19.7
As 5.0 5.0 5.0 5.0 0.0 0.0
Ba 490.0 620.0 645.0 570.0 87.9 15.4
Be 0.9 1.1 1.2 1.1 0.2 14.7
Bi 2.0 2.0 2.0 2.0 0.0 0.0
Ca 2.8 3.3 3.6 3.2 1.1 34.7
Cd 0.5 0.5 0.5 0.5 0.0 0.0
Co 135 15.0 15.0 13.6 2.9 21.1
Cr 37.0 115.0 120.0 87.5 41.8 47.8
Cu 38.5 43.0 80.5 60.5 34.4 56.9
Fe 2.9 3.2 3.2 3.1 0.5 15.0
Ga 10.0 10.0 10.0 11.8 4.0 34.2
K 1.2 1.7 1.7 15 0.3 23.1
La 20.0 30.0 30.0 26.4 5.0 19.1
Mg 1.0 1.0 1.5 1.3 0.5 39.3
Mn 510.0 526.0 733.0 620.2 194.3 313
Mo 1.0 1.0 1.0 1.0 0.0 0.0
Na 0.7 1.0 1.1 0.9 0.2 19.0
Ni 315 46.0 61.0 46.1 15.0 32.6
P 1865.0 2020.0  3210.0 2552.7 1091.3 42.7
Pb 105 15.0 16.5 13.7 4.9 35.4
S 0.0 0.0 0.0 0.0 0.0 37.0
Sb 5.0 5.0 5.0 5.0 0.0 0.0
Sc 8.0 9.0 9.0 8.4 1.0 12.3
Sr 325.0 410.0 496.0 425.9 182.6 42.9
Th 20.0 20.0 20.0 20.0 0.0 0.0
Ti 0.4 0.7 0.7 0.6 0.2 28.1
TI 10.0 10.0 10.0 10.0 0.0 0.0
U 10.0 10.0 10.0 10.0 0.0 0.0
\Y/ 86.5 93.0 97.5 92.1 17.8 19.4
W 10.0 10.0 10.0 10.0 0.0 0.0
Zn 57.5 62.0 115.5 88.3 47.3 53.6

The results obtained using Welch’s ANOVA (P < 0.05) demonstrate that there are significant
differences between the means of different elements across different soil classes. Comparisons
of the average concentration of individual elements between pairs of soil classes have shown
that only the concertation of phosphorus (P) was significantly different across all four classes
vitrified dung, non-vitrified dung, midden and natural soils (Games-Howell, p < 0.05). P has

shown significant p values, ranging from 0.004 between midden and non-vitrified dung to
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0.000 between midden and non-site. Other elements such as Mg, Na, Be, Fe, Mn, S and Zn
also recorded insignificant differences between two or more soil classes. For example, Mg has
shown significant p values, ranging from 0.003 between midden and non-site to 0.000 between
midden and vitrified dung. However, an insignificant p-value of 0.379 for Mg element was
recorded between midden and non-vitrified dung.

3.3.2 Variable importance and measurement

MDA measure inbuilt within the RF classification algorithm was used to measure the
importance of each element in discriminating amongst non-sites, midden, vitrified and non-
vitrified dung sites. Generally, Ca, P and Sr were the top most important elements in
discriminating among the aforementioned classes, as shown in Figure 3. 4. Ga, Bi, and Th were
the least important elements in discriminating amongst non-sites, midden, vitrified and non-

vitrified dung sites (Figure 3. 4).
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Figure 3. 4 Showing the variable importance computed by RF algorithm. The highest MDA indicates the most
important elements

When assessing the importance of each element in discriminating among individual classes,

Sr, Al and Ca were the most important elements in differentiating sites with vitrified dung from
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the rest of the sites (Figure 3. 5). P and Mg were important in discriminating non-sites, middens,
vitrified dung and non-vitrified dung.
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Figure 3. 5 Showing the importance of different elements in discriminating among the four soil classes; non-vitrified dung, vitrified dung, midden and non-sites. Elements with

high MDA are the most important in the prediction model.
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Basing on the measurements of variable importance (MDA) provided by RF, FVS procedure
was used to find the smallest set of elements that resulted in the highest predictive accuracy in
classifying non-sites, middens, vitrified dung and non-vitrified dung sites using RF. The
optimal selected predictor variables (elements) with the lowest OOB error rate (15.38%) were
P, Ca, Sr, Mg, Fe, Zn and Co. When using all elements the error rate increased to 17.31%
(Figure 3. 6). The selected elements were then used as input variables in an RF classifier model
for mapping non-sites, middens, vitrified dung and non-vitrified dung sites.
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Figure 3. 6 Finding the best subset of classification variables for classifying non-sites, middens, vitrified dung and
non-vitrified dung sites using FVS method based on the OOB error. The black arrow points to the optimal
subgroup of elements with the lowest error.

All the wavelengths captured using the field spectrometer were input into an RF classification
model. Mean decrease in Gini index in an ordinary RF was used to assess the importance of
variables in differentiating between vitrified dung, natural soils, midden and non-vitrified dung
sites. In general, the highest mean decrease in Gini Index occurred in the wavelengths within
the visible spectrum (350-576 nm), with 513nm being the most important wavelength of them
all. However, important variables cover a wide range of electromagnetic (EM) waves from
visible wavelengths to the near-infrared wavelengths with notable peaks; between 350 and 576
nm, 1292nm-1380nm, 1575 and 1748nm, 1801 and 1808 nm (Figure 3. 7).
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Figure 3. 7 Variable importance measurement produced by the RF algorithm for all variables (2151 wavelengths).
The high mean decrease in Gini index reflects the most important variable.

The GRRF was used to select the best wavelengths for classifying vitrified dung, midden, non-
vitrified dung and natural soils. This was done using variable importance scores for each
wavelength obtained from the normal RF to guide the selection of features in a regularised RF.
The best-selected wavelengths were 549 nm and 624nm within the visible spectrum while
within the near infrared 996 nm, 1026nm, 1665nm, 1774nm, 1934nm and 2290nm were
chosen, as shown in Figure 3. 8. The selected wavelengths were then inputted into RF classifier

to map non-sites, middens, vitrified dung and non-vitrified dung sites.
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Figure 3. 8 The importance of optimum variables selected by GRRF calculated by the ordinary RF algorithm. The

highest mean decrease in Gini index shows the most important variable.

3.3.3 Accuracy assessment

The prediction ability of RF was tested using optimal elements selected by FVS procedure and
all elements. A holdout dataset, which was created by randomly dividing data into training
(70%) and testing (30%), was used to test the accuracy of both models. RF was optimized using
the grid search with the optimum combination of mtry and ntree achieving the lowest OOB
error of about 15.38%. The findings demonstrate that the sites can be more accurately mapped
using the selected seven bands than when using all the thirty-three elements (Table 3. 5). The
overall accuracies of 84.62% was achieved when using the optimum variables while 82.69%

was achieved when using 33 elements.
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Table 3. 5 Error matrices showing the overall accuracy and Kappa for the classification of the four soil classes;
non-vitrified dung (NVD), midden (MD), non-sites (NS), and vitrified dung (VD) using all variables (33 elements)
and the optimum variables (7 elements)

Thirty-three elements Seven elements

Class Class
KR MD NS VD Total KR MD NS VD Total

KR 14 2 0 1 17 KR 15 1 0 1 17
MD 1 8 2 0 11 ™MD 1 8 2 0 11
NS 0 2 10 0 12 NS 0 1 11 0 12
VD 1 0 0 11 12 VD 2 0 0 10 12
Total 16 12 12 12 52 Total 18 10 13 11 52
OA 82.69% OA 84.62%

Kappa 0.7674 Kappa 0.7921

The user’s and producer’s accuracies of the two models are compared in Table 3. 6. Vitrified
dung had higher producer’s accuracy of 90.91% when using the most important variables (7
elements) while producer’s accuracy of 91.67% was achieved when using 33 elements.
Vitrified dung achieved high user’s accuracy (91.67%) when using 33 elements and a lower
user’s accuracy when using the most important elements. Midden achieved lowest producers
and users accuracies for both 33 elements and the most important elements (Table 3. 6).

Table 3. 6 Producer’s and user’s accuracies for the classification of the four soil classes; non-vitrified dung (NVD),

midden (MD), non-sites (NS), and vitrified dung (VD) derived using all variables (33 elements) and the most
important variables (7 elements)

Thirty-three elements Seven elements

Class Class
Producer's User's Accuracy Producer's User's Accuracy
Accuracy (%) (%) Accuracy (%) (%)

KR 87.50 82.35 KR 83.33 88.24

MD 66.67 72.73 MD 80.00 72.73

NS 83.33 83.33 NS 84.62 91.67

VD 91.67 91.67 VD 90.91 83.33

Classifications on ordinary RF algorithm were also done using optimal bands selected by the
GRRF model. The optimum combination of mtry and ntree yielded the lowest OOB error of
about 0.11. In overall, the classification model achieved an accuracy of 84.76% when using all
wavelengths. However, a higher overall accuracy of 87% was achieved when using the optimal
bands selected by GRRF (Table 3. 7).
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Table 3. 7 Error matrices showing the overall accuracy and Kappa for the classification of the four soil classes;
non-vitrified dung (NVD), midden (MD), non-sites (NS), and vitrified dung (VD) using all variables (2151 bands)
and the optimum variables (8 bands).

Class using 2151 bands Class using 8 bands

NVD MD NS VD Total NVD MD NS VD Total
NVD 30 4 0 0 34 NVD 30 6 0 0 36
MD 4 18 0 4 26 MD 4 17 0 0 21
NS 1 2 27 0 30 NS 1 2 27 0 30
VD 0 1 0 14 15 VD 0 0 0 18 18
Total 35 25 27 18 105 Total 35 25 27 18 105
OA 84.76% OA 87.62%
Kappa 0.7927 Kappa 0.8316

Table 3. 8 shows a comparison between the user’s and producer’s accuracies of the
aforementioned datasets. Vitrified dung achieved high producer’s and user’s accuracies of
100% when using the optimum variables. The producer’s and user’s accuracies achieved for
vitrified dung, which are 77.78% and 93.33% respectively, were lower than those achieved
when using optimum bands. Midden achieved lowest user’s and producer’s accuracies when
using 2151 bands and optimum bands respectively (Table 3. 8).

Table 3. 8 Producer’s and user’s accuracies for the classification of the four soil classes; non-vitrified dung (NVD),

midden (MD), non-sites (NS), and vitrified dung (VD) using all variables (2151 bands) and the optimum variables
(8 bands).

using 2151 bands using 8 bands

Class Class
Producer's User's Accuracy Producer's User's Accuracy
Accuracy (%) (%) Accuracy (%) (%)

NVD 85.71 88.24 NVD 85.71 83.33

MD 72.00 69.23 MD 68.00 80.95

NS 100.00 90.00 NS 100.00 90.00

VD 77.78 93.33 VD 100.00 100.00

A combination of optimum elements and bands were also put into ordinary RF classifier to see
if they can improve the classification accuracy. The results show that a combination of optimal
elements and bands produce a better classification accuracy than predictive models for all
bands, all elements and when only selected elements are used. The model achieved an overall
accuracy of 85.71% (Table 3. 9). The optimal mtry and ntree for the model produced the lowest

OOB error of about 14.29%. High producer’s accuracies of 100% were achieved for non-
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vitrified dung and vitrified dung while midden and non-site achieved the lowest producer’s
accuracies of 66.67%. The user’s accuracies of 100% were achieved for vitrified dung, midden
and non-site while 71.43% was achieved for non-vitrified dung.

Table 3. 9 Error matrices showing the overall accuracy and Kappa for the classification of the four soil classes;

non-vitrified dung, midden, non-sites and vitrified dung using a combination of optimum elements (n=7) and the
optimum bands (n=8)

Class NVD MD NS VD Total UA (%)
NVD 5 1 1 0 7 71.43
MD 0 2 0 0 2 100.00
NS 0 0 2 0 2 100.00
VD 0 0 0 3 3 100.00
Total 5 3 3 3 14

PA (%) 100.00 66.67 66.67 100.00

OA 85.71%

Kappa 0.7999

PA= Producer’s accuracy, UA= User’s accuracy

3.4 Discussion

The main aim of this study was to assess the possibility of using hyperspectral data to
discriminate non-sites, middens, non-vitrified and vitrified dung sites characteristic of areas
previously occupied by farming communities. It also assessed if the aforementioned classes
can be distinguished based on their chemical composition. The findings of this study have
shown that there is a significant difference in the composition of elements characterising
archaeological features. Most importantly, it has also shown that remote sensing techniques
can be used to map surface archaeological features. This is an important development in the
archaeological survey because the use of remote sensing techniques will enable the fast and

cheaper documentation of sites over large areas.

Overall, the results for statistical analysis indicates that there is a significant difference in the
concentration of elements in non-sites, middens, vitrified dung and non-vitrified dung sites.
This is because different anthropogenic activities have different effects on the composition of
soil elements (Entwistle et al. 2000; Fleisher and Sulas 2015). The concentration of P was
significantly different across the non-sites, midden, vitrified dung and non-vitrified dung byre.
On average vitrified dung had high concentrations of P followed by non-vitrified dung, midden

and non-sites. This is unsurprising since phosphorus is widely used in archaeological research
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as an indicator of different human activities (Holliday and Gartner 2007; Hutson et al. 2009).
Phosphorous is incorporated into the soil by a number of human activities, which includes food
preparation, garbage disposal and animal dung deposits, therefore, there is a need to analyse its
concentration in combination with that of other elements in order to identify different activity
areas (Entwistle et al. 2000; Middleton 2004). In this study, phosphorus was incorporated into
the soil by deposits of animal dung in byres and ash and organic deposits in middens. Other
elements such as Ca and Mg were significantly different among vitrified dung and the non-
sites but were not significantly different between midden and non-vitrified dung. Generally,
Mg and Ca were highly concentrated in activity areas with vitrified dung, non-vitrified dung,
midden than in non-activity areas characterised by non-sites. The concentrations of the
aforementioned elements within soil classes were also highly variable. This is also supported
by the findings from Luzzadder-Beach et al. (2011) on the concentration of elements on
anthropogenic activity areas in Turkey and Mexico, and Huffman et al. (2013) on the
concentrations of Ca in vitrified dung deposits within the study area. This is influenced by the
differences in the concertation of Ca and Mg in grasses consumed by animals and wood ash,
which increase their levels in the soil (Griffith 1980; Hejcman et al. 2011; Huffman et al. 2013;
Mashimbye 2013; Middleton and Price 1996). The differences in concentrations of elements
within the same class can also be a result of depositional and post-depositional processes, which
affects the overall concentration of elements in the soil, such as human activities, erosion and
leaching (Huffman et al. 2013; Middleton and Price 1996; Wilson et al. 2009). On the other
hand, potassium (K) is insignificantly different across all the classes except vitrified dung. This
supports Huffman et al. (2013) findings that KO was significantly higher in vitrified dung than
in non-vitrified dung. It is still not yet clear as to what causes the high levels of K in the vitrified
dung deposits, however, Huffman et al. (2013) attribute some of it to mopane logs used to

construct the fence around the kraal.

FV'S procedure basing on the importance score of features calculated by ordinary RF was used
to select a subset of key elements that can accurately discriminate among different
archaeological sites. P, Ca, Sr, Mg, Fe, Zn and Co were chosen as the optimal elements for
discriminating among middens, non-sites, non-vitrified dung and vitrified dung sites. This is in
line with studies by Wilson and Davidson (2008) who found out that the composition of the
aforementioned elements is affected by the presence of human activity areas such as middens
and kraals. The concentration of the selected elements was also significantly different across

different classes as discussed above. The classification done on RF classifier using chosen
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optimal elements as input variables in RF classifier yielded high classification accuracy. This
demonstrated that classification algorithms can also be used to predict the sites using their
chemical composition. This also confirms findings by Oonk and Spijker (2015) that
archaeological sites can be predicted by using elements as input variables in classification
algorithms.

The spectral analysis results obtained from this study has shown that field spectroscopy data
can be utilised to discriminating non-sites, midden, non-vitrified dung and vitrified dung from
each other. GRRF model was used to reduce high dimensionality in the dataset (Deng and
Runger 2013; Mureriwa et al. 2016). This algorithm has produced good results in vegetation
mapping but has never been tested in soil analysis (Adam et al. 2017; Mureriwa et al. 2016).
The algorithm selected eight important wavelengths across VIS/IR spectrum, 549 nm, 624nm,
996 nm, 1026nm, 1665nm, 1774nm, 1934nm and 2290nm, for discriminating among non-sites,
midden, non-vitrified dung and vitrified dung. The selection of wavelengths from the visible
spectrum (549 nm and 624nm) might be influenced by differences in soil organic content. This
is consistent with the results of Bartholomeus et al. (2008) and Nolet et al. (2014) who found
that there is a correlation between the absorption of wavelengths within the visible spectrum
and the amount of organic matter in the soil. Soil organic content is also associated with soil
colour. This is because a high concentration of organic matter results in dark soils and high
wavelength absorption (He et al. 2009). Wavelengths 996nm and 1026nm in the near infrared
region can be correlated with the concentration of elements such as Mg and Ca. This result is
supported by Thomasson et al. (2001) who found out that concentration Ca and Mg levels in
the soil are sensitive to spectral regions between 950-1500nm. The absorptions at other four
selected wavelengths; 1665nm, 1774nm, 1934nm and 2290nm can be associated with the
concentration of phosphorus in the samples. The increased levels of phosphorous highly
correlate with the absorption of wavelengths between 1500nm and 2500nm (Bogrekci and Lee
2005a). Concentrations of calcium phosphate and magnesium phosphates in the soil also show
high correlation with reflectance spectra in the aforementioned wavelength regions (Bogrekci
and Lee 2005b). However, it has to be noted that different wavelengths within the same spectral
region from those chosen by other models in other researches might have been chosen because

the model was trained to remove correlation within the bands.

In general, high classification accuracies were achieved when using optimal bands selected by
GRRF than when using all the 2151 bands. Low classification accuracy achieved when using

all the 2151 bands is caused by high auto-correlation inherent within the field spectroscopy
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data, which affects the performance of the prediction models (Adam et al. 2009; Mansour et
al. 2012; Serpico and Moser 2007). The results of this study demonstrate that removing
correlated variables improves classifiers prediction accuracy. Most importantly, high
classification accuracies achieved using a subset of optimal wavelengths selected by the GRRF
affirms its ability to select important wavelengths that improves the prediction accuracies of
RF in classifying archaeological sites (Adam et al. 2017; Mureriwa et al. 2016). The
combination of key elements (n= 7) and key wavelengths (n = 8), has yielded lower
classification accuracy compared to the use of key elements (n= 7) and key wavelengths (n =
8) separately. Low classification accuracy achieved when combining key elements with key
wavelengths was caused by data redundancy which resulted in noisy classification output
(Adam et al. 2009; Bajcsy and Groves 2004; Mansour et al. 2012). The redundancy comes
from the fact that wavelengths provide information about both the physical and chemical
properties of the soil (Ben-Dor et al. 1997; Bogrekci and Lee 2005a), which means that
combining the elements and spectral data in this study produced redundant data.

Generally, high classification accuracies achieved in this study show that it is possible to
directly detect archaeological features such as middens, vitrified and non-vitrified byres using
field spectroscopy data. This, therefore, promises a cost-effective method, which can be used
to carry out archaeological surveys over large areas within a short period when compared to
the use of element data and fieldwalking surveys. Surveying using remote sensing techniques
will also make documentation and monitoring of archaeological sites located in inaccessible
areas such as war zones and places with dangerous wild animals easy. In summary, this study
followed the common geoarchaeological approach of identifying activity areas/sites based on
the differences in the composition of elements and the possibility of identifying different sites
basing on their spectral properties. Moreover, this study recommends the analysis of
mineralogical constituents of the middens, non-sites, non-vitrified dung and vitrified dung sites

and correlating them with their spectral properties.

3.5 Conclusion

The focus of this study was to investigate whether field spectra measurement can discriminate
amongst archaeological sites using soil properties as indicators and identify the important
bands for doing so. Statistical methods were used to assess if there is a significant difference
in the concentration of elements between archaeological features and natural soils. Based on

the outcomes of this study, the following inferences can be made:
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1. There is a significant difference in the concentration of elements between non-sites,
middens, non-vitrified dung and vitrified dung sites. This difference in the composition
of elements within the aforementioned features can be used to discriminate among them
when input into a classification algorithm. P, Ca, Sr, Mg, Fe, Znand Co were identified
as the important elements for discriminating among non-sites, middens, non-vitrified

dung and vitrified dung sites when used as input variables in a classification model.

2. Field spectroscopy data has the ability to discriminate between non-sites, middens, non-
vitrified dung and vitrified dung sites. This means that non-vitrified dung, vitrified
dung, midden and non-sites have different spectral signatures.

3. Wavelengths within the visible-near infrared spectrum can be used to discriminate
among natural soils, middens, vitrified dung and non-vitrified dung byres. A subset of
eight important bands that gave the highest classification accuracy when discriminating
among the aforementioned classes was identified across the visible-near infrared
spectrum using GRRF. These were 549 nm and 624nm within the visible spectrum
while within the near-infrared wavelengths 996 nm, 1026nm, 1665nm, 1774nm,

1934nm and 2290nm were chosen.

In summary, the results of this study have shown that there is chemical contrast between
archaeological features such as middens, vitrified and non-vitrified dung byres and natural soils
which makes it possible for field spectroscopy to discriminate among them. As such, the
potential of remote sensing in detecting and mapping archaeological features with distinct soil
physical and chemical characteristics such as the ones used in this study is present. Although
the potential is present, further studies are needed to upscale field spectral measurements to
different sensor spectral resolutions to ascertain which satellite sensor has the optimum
wavelengths for detecting the archaeological sites characterised by middens, vitrified dung and

non-vitrified dung.
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CHAPTER FOUR

4. Examining the spectral ability of multispectral sensors to detect
surface archaeological deposits, a case of the Shashi-Limpopo

confluence area

The results of this chapter have been published as:

Thabeng, O. L., Merlo, S. and Adam, E., 2020. “From the Bottom Up: Assessing the Spectral
Ability of Common Multispectral Sensors to Detect Surface Archaeological Deposits Using
Field Spectrometry and Advanced Classifiers in the Shashi-Limpopo Confluence Area.”

African Archaeological Review 37: 25-49.
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Abstract

This paper presents original research conducted in the Shashi-Limpopo confluence (Southern
Africa) to identify the most suitable multispectral sensors for mapping archaeological sites
typically inhabited by the farming communities of Southern Africa and characterised by
surface features, such as ash middens, non-vitrified dung and vitrified dung. To achieve this,
hyperspectral data were collected in the field using GER-1500 field spectroradiometer under
laboratory conditions. The data were then resampled to the spectral resolutions of six common
multispectral sensors (GeoEye, Landsat 8 OLI, RapidEye, Sentinel-2, SPOT 5 and
WorldView-2) using the spectral library resampling tool in Environment for Visualizing
Images (ENVI) v. 5.4 software. Mean decrease in accuracy, which is a measure of importance
in RF classifier, was used to assess the importance of both hyperspectral wavelengths and each
band allocated to a multispectral sensor in discriminating the above-mentioned archaeological
classes. Two predictive models based on the resampled hyperspectral data were developed in
R statistical packages version 3.4.1 using algorithms for support vector machine (SVM) and
random forest (RF) classifiers. The results demonstrated that data resampled to the resolution
of common multispectral sensors have the ability to predict surface archaeological features
using RF and SVM classifiers. The important bands for predicting the sites were mostly in the
visible and shortwave infrared regions of the electromagnetic spectrum. The best performance
was achieved with data resampled to the resolution of the Sentinel-2 sensor, which attained
81.90% and 92.38% accuracy in both RF and SVM classifiers. Both classifiers achieved
relatively low classification accuracies when using hyperspectral data resampled to the
resolutions of satellite sensors which do not capture data in the shortwave infrared region
(SWIR) such as WorldView-2, GeoEye and RapidEye sensors.

Résumé

Cet article présente des recherches originales réalisées dans la confluence de Shashi-Limpopo
(Afrique australe) afin d’identifier les capteurs multispectraux les plus appropriés pour la
cartographie des sites archéologiques habités par les communautés agricoles de I'Afrique
australe. Ces sites sont caractérisés par des caractéristiques de surface spécifiques, telles que
des amas de cendres, de bouse non vitrifiée et de bouse vitrifiée. Pour y parvenir, des données
hyperspectrales ont été recueillies sur le terrain a l'aide d'un spectroradiométre de champ GER-
1500 dans des conditions de laboratoire. Les données ont ensuite été rééchantillonnées aux
résolutions spectrales de six capteurs multispectraux courants (GeoEye, Landsat 8 OLI,
RapidEye, Sentinel-2, SPOT 5 et WorldView-2). Cela s’est fait a 1’aide de 1’outil de
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rééchantillonnage des bibliothéques spectrales integré dans 1’outil Environnement de
visualisation des images du logiciel ENVI v. 5.4. La diminution moyenne de la précision, qui
est une mesure d’importance dans le classificateur random forest (RF), a été utilisee pour
¢valuer I’importance des longueurs d’onde hyperspectrales et de chaque bande attribuée a un
capteur multispectral, afin de distinguer les classes archéologiques susmentionnées. Deux
modeles prédictifs basés sur les données hyperspectrales rééchantillonnées ont été développés
dans les logicel statistique R version 3.4.1, en utilisant des algorithmes ‘support vector
machine’ (SVM) et les classificateurs RF. Les résultats ont montré que les données
rééchantillonnées a la résolution des capteurs multispectraux courants permettent de prédire les
caracteéristiques archéologiques de surface a l'aide de classificateurs RF et SVM. Les bandes
importantes pour la prédiction des sites étaient principalement dans les régions de I’infrarouge
visible et a ondes courtes du spectre électromagnétique. Les meilleures performances ont été
obtenues avec des données rééchantillonnées a la résolution du capteur Sentinel-2, qui ont
atteint une précision de 81,90% et 92,38% dans les classificateurs RF et SVM. Les deux
classificateurs ont obtenu une précision de classification relativement faible lors de l'utilisation
de données hyperspectrales rééchantillonnées aux résolutions des capteurs satellites qui ne
capturent pas de données dans la région infrarouge a ondes courtes (SWIR), telles que les

capteurs WorldView-2, GeoEye et RapidEye.

Keywords Field spectral data, Spectral resampling, Variable importance, Farming

communities
Archaeological time period: 900AD-1800’S

Country and region discussed: Botswana, South Africa and Zimbabwe, Southern Africa
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4.1 Introduction

Africa is rich with heritage which documents human history from early primates up to recent
complex societies (Connah 2004; Haaland 1995; Lange 2007; MacDonald 2013; Mattingly et
al. 2007; Phillipson 2005; Shaw et al. 1993; Stahl 1994). Heritage sites on the continent are
faced with dangers posed by both anthropogenic and natural threats such as mining activities,
urban development, looting, flooding, erosion and fires (Chirikure 2013; Kankpeyeng and
DeCorse 2004; Khandlhela and May 2006; Lasaponara et al. 2016a; Musyoki et al. 2016;
Nienaber et al. 2008; Parcak 2015; Smith 2012). In addition to this, heritage management
institutions in Africa are facing a number of challenges, which include, among others, lack of
funds often leading to inadequate surveying, documentation and monitoring of heritage sites
(Chirikure 2013; Mabulla 2001; Mcintosh 1993). Site surveying, documentation and
monitoring in some parts of the sub-continent is also hampered by inaccessibility due to factors
such as the presence of dangerous wild animals, conflicts, and property rights (Biagetti et al.
2017; Mabulla 2001; Thabeng et al. 2019).

The documentation of archaeological features in Africa has traditionally been done through
fieldwalking surveys (Fleisher and LaViolette 1999; Hitchner 1995; Huffman 2009b, 2011;
Mclntosh and Mclntosh 1993). Field walking survey offers the surveyor an opportunity to
identify, appreciate and record finer details of different types of archaeological sites on the
ground (Foard 1977; Reid and Segobye 2000). Even though fieldwalking surveys offer detailed
contextual records of archaeological materials on the ground, they are time-consuming, costly
and difficult to carry out over large areas (Banning et al. 2006; Corrie 2011; Hitchings et al.
2013). More recently, remote sensing has offered a relatively cheap, fast, systematic and
reproducible method of survey, which can be used to document and monitor archaeological
sites over large and/or inaccessible areas within a short period of time (Keay et al. 2014;

Lasaponara et al. 2014).

The potential of remote sensing techniques in the archaeological survey has been demonstrated
in various contexts since the 1920s (Agapiou et al. 2014a; Beck 2007; Crawford 1923; Mason
1968; Opitz and Herrmann 2018; Parcak 2007). Remote sensing in archaeology exploits the
spectral contrast between areas of archaeological interest and their surroundings (Corrie 2011).
This is because different anthropogenic activities have localised impact on the soil’s physical
and chemical properties, thus making it different from its surroundings (Oonk et al. 2009;
Wilson et al. 2008). As aresult, several studies (Agapiou et al. 2012b; Altaweel 2005; Crawford
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1923) employed remote sensing techniques in archaeology and identified a number of
archaeological site indicators. For example, negative vegetation marks have been identified as
indicators of the presence of subsurface archaeological features such as walls (Hejcman and
Smrz 2010). This is because the presence of walls in the soil makes it more compact and less
moisture retentive therefore resulting in stunted vegetation growth over them (Gojda and
Hejcman 2012). High moisture retentive features such as ditches have been linked with positive
vegetation marks (Featherstone et al. 1999; Reeves 1936). On the other hand surface,
archaeological features can be identified based on their physical features such as form (De Laet
et al. 2007; Mason 1968; Sadr 2016b) and ecological indicators (Denbow 1979; Reid 2016).

Remote sensing data can be captured using broadband (multispectral) and narrowband
(hyperspectral) sensors housed on a handheld, airborne and spaceborne platforms (Bradbury et
al. 2013; Cavalli et al. 2013; Doneus et al. 2014; Mutanga et al. 2015; Schmidt and Skidmore
2003). Although of recent, there are many multispectral satellite sensors with different spatial
and spectral characteristics providing large volumes of dataset, the challenge now is to identify
the suitable sensors for studying different archaeological features (Agapiou et al. 2014a; Parcak
2007). This is because, in addition to optimum environmental conditions, the ability to detect
archaeological material using remote sensing depends on the spectral and spatial resolutions of
the sensor (Beck 2007). As a result, a number of studies have compared the accuracies of
different satellites in detecting archaeological features (Fowler 2002; Parcak 2007).
Consequently, this approach is time-consuming and expensive, especially when using

commercial satellite images.

On the other hand, hyperspectral data offer high spectral resolution by capturing narrow bands
across visible, near infrared and shortwave infrared portions of the electromagnetic spectrum.
This high spectral resolution permits the identification of distinctive attributes of different
features (Agapiou et al. 2012b; Cavalli et al. 2007; Cerra et al. 2018). As a result, many studies
have used field and laboratory hyperspectral data to pilot investigations on the potential
application of remote sensing principles in various fields including the analysis of soil physical
and chemical properties (Cozzolino and Moron 2003; Nocita et al. 2014; Sgrensen and
Dalsgaard 2005), vegetation health (Dhau et al. 2018b; Kokaly 2001), spectral identification
of different vegetation species (Adam et al. 2009; Cochrane 2000), and spectral discrimination
of archaeological sites (Agapiou et al. 2010, 2012b; Melillos et al. 2018). Hyperspectral data
has also been used to investigate the ability of planned multispectral satellite sensors to detect

vegetation indices associated with buried archaeological features (Agapiou et al. 2014b).
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Currently, there are very few studies aimed at identifying spectral bands suitable for
discriminating surface archaeological features in current operational multispectral sensors
(Thabeng et al. 2019). However, even though the use of hyperspectral sensors in discriminating

against archaeological features has been successful, there are some limitations to it.

Some of the major limitations of hyperspectral data are high computational demands and the
large data redundancy due to the strong correlation between the spectral features (Burger and
Gowen 2011; Doneus et al. 2014; Feng et al. 2016; Metternicht et al. 2010; Sibanda et al. 2016).
Additionally, even though hand-held spectrometers have been widely used in preliminary
studies investigating applications of remote sensing in many applications, there are no
operational airborne and spaceborne sensors matching its very high spectral resolution. As a
result numerous studies have resampled field and laboratory hyperspectral data acquired over
small areas to the spectral resolutions of existing multispectral and hyperspectral sensors in
order to investigate their possible use in different applications including soil analysis (Nawar
et al. 2014), vegetation studies (Adam et al. 2012; Mansour et al. 2012) and archaeology
(Agapiou et al. 2014a). The major limitation of resampling using field and lab spectroscopy
data is that it has a high signal to noise ratio (the amount of useful information against the
unwanted data), which is impossible to achieve with imagery from airborne and spaceborne
sensors (Mutanga et al. 2015). However, studies (Mansour et al. 2012; Mutanga et al. 2015)
have found no significant difference between the results obtained from resampling fine
resolution data and those from the actual image. Therefore, there is a need to test this technique
in archaeological applications focusing on surface deposits, where according to our knowledge,
it has never been tested before. If the results are positive, the mapping of archaeological surface

deposits could be possible on satellite platforms.

To this end, this study seeks to evaluate the ability of in situ hyperspectral data resampled to
the spectral resolutions of the most common multispectral sensors (namely GeoEye, Landsat 8
OLI, RapidEye, Sentinel-2, SPOT 5 and WorldView-2), to detect surface archaeological
deposits. The specific objectives of the paper are: (i) to identify the optimum spectral resolution
for predicting archaeological sites (ash middens, non-vitrified dung and vitrified dung) using
in situ hyperspectral data resampled to different remote sensing multispectral platforms; (ii) to
compare the prediction accuracies of ash middens, non-vitrified dung and vitrified dung
achieved using resampled data, RF and SVM classifiers; and (iii) to identify the importance of
the different bands allocated in different multispectral sensors in predicting archaeological sites

(ash middens, non-vitrified dung and vitrified dung) using RF algorithm.
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4.2 Materials and Methods

4.2.1 Study area and archaeological context

The Mapungubwe cultural landscape is a UNESCO listed heritage area situated where the
Shashi and Limpopo rivers meet in the province of Limpopo, South Africa (Figure 4. 1). The
Shashi-Limpopo Confluence Area (SLCA) forms the boundaries of three countries; Botswana
to the west, South Africa to the south and Zimbabwe to the north. The soils in the study area
are dominated by cambisols, leptosols, and luvisols originating from the Karoo system
(Bangira and Manyevere 2009; Gotze et al. 2003).
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Figure 4. 1 Location of the study area in southern Africa

Mapungubwe cultural landscape has been occupied by different groups of farming
communities in two distinctive periods. The first occupation of the Mapungubwe cultural
landscape by farming communities temporarily occurred during the early centuries of the first
millennium AD (Huffman 2008; Huffman and Du Piesanie 2011). The second occupation of
the Mapungubwe cultural landscape by different groups of farming communities occurred from
900 AD onwards (Calabrese 2000; Eloff and Meyer 1981; Huffman 2000; VVogel and Calabrese
2000). These societies practised the central cattle pattern (CCP) settlement system (Hanisch
2002). The main features of this spatial organisation are:(1) a central cattle kraal with elite
burials and storage pits for grains; (2) a men gathering area next to the kraal; (3) an outer
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residential zone characterised by huts which are arranged according to left/right seniority, with
the one upslope behind the court being most senior; (4) the demarcation of space within the
house into right for male and left for female (Fagan 1964; Huffman 2000, 2001, 2009a). Social
and political changes in the Mapungubwe cultural landscape took place during the early
centuries (AD1000- AD1300) of its occupation, with the development of class distinction and
sacred leadership (Huffman 2000; Meyer 2000). The chief/king was physically separated from
the commoners in the twelfth century with the occupation of the Mapungubwe hill (Huffman
2009a). This led to changes in the organisation of the settlements whereby the traditional CCP
was abandoned and some stonewalls were built to seclude rulers from the commoners in major
settlements (Huffman 2000; Meyer 2000). However, the CCP continued in the satellite
settlements occupied by commoners (Huffman 2000). At the peak of its power the leadership
of Mapungubwe is believed to have dominated societies about 200 km away. Mapungubwe
societies traded glass beads, marine shells with the merchants along the Indian Ocean coast,
and exchanged these goods with metals, salt, ivory and animal skins from the interior polities
such as Toutswe and Bosutswe. This was before the shift of power and trade to the Great
Zimbabwe kingdom after the collapse of the Mapungubwe kingdom in the 13th century AD
(Calabrese 2000; Denbow 1990; Huffman 2009a; Klehm et al. 2019). Nevertheless, the trading
between the societies which occupied the Mapungubwe cultural landscape and the east coast

merchants continued into the historic periods (Huffman 2012).

Archaeological sites previously occupied by farming communities in southern Africa,
including SLCA, are generally characterized by features such as byres and middens (Denbow
1979; Huffman 2009a; Huffman et al. 2013; Jacobson et al. 2003; Reid and Segobye 2000; Thy
et al. 1995). The locations of byres within the settlement are normally marked by the deposits
of vitrified dung and/or non-vitrified dung deposits (Huffman 2009a; Meyer 2000). Non-
vitrified dung deposits consist of unburned dung (Huffman et al. 2013). Vitrified dung is a
glassy biomass slag with high deposits of nitrates and phosphates formed by burning thick dung
deposits at very high temperatures (in the region of 1100°C) (Peter 2001; Thy et al. 1995). The
burning of dung has been associated with cleansing practices (Huffman et al. 2013; Peter 2001).
Middens are areas where the general waste of a household, including remains of unused
materials such as broken potsherds, animal bones, beads and other utensils and ashes from
fireplaces were discarded (Chirikure et al. 2014; Huffman 2012). Middens differ in size
depending on the duration and density of site occupation (Eloff and Meyer 1981). Generally,

the sites previously occupied by the farming communities appear as bare patches within the
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savanna woody vegetation which is, in most cases, covered by grass (Denbow 1979;
Mothulatshipi 2008). Some of the common grasses are cenchrus cilliaris which has been
identified as an ecological indicator of similar sites in central eastern Botswana (Denbow
1979). This environment creates ideal conditions for testing the applicability of airborne and
spaceborne remote sensing in archaeological survey. Although Cenchrus cilliaris as an
ecological indicator of similar sites in central eastern Botswana by Denbow (1979), it is too
widely spread to be used for archaeological sites prospection in Mapungubwe cultural
landscape (Gotze et al. 2008; Mothulatshipi 2008). If successful the models will only map
archaeological features which are large enough to be captured by the sensor used for data
gathering. Additionally, these models will also allow archaeologists and researchers to explore

for archaeological sites with similar characteristics in the new environments.

Documenting the locations of byres and middens within the Mapungubwe cultural landscape
is important for understanding their intra- and inter-settlement patterns because they form the
central part of the settlements occupied by the farming communities as discussed above
(Huffman 2000, 2009a; Meyer 2000). Furthermore, using spaceborne sensors to document the
aforementioned features will deepen the understanding of their spatial organisation by
providing their panoramic view within the landscape, thus revealing patterns which may be
invisible on the ground through field walking. In-depth archaeological fieldwork spanning a
period of close to four decades has been carried out on the South African side of the confluence
by different researchers (Hanisch 1980; Huffman 1989b, 2009b, 2011; Huffman et al. 2004;
Huffman and Du Piesanie 2011). In other areas of the confluence sporadic systematic surveys
have been carried by Manyanga (2007) in Zimbabwe and Mothulatshipi (2008) in Botswana.
The aforementioned unevenness in research creates imbalances in the understanding and
interpretation of the archaeology of the confluence. Using this well-documented study area will
help in testing the predictive ability of this remote sensing model and if successful it will enable
the archaeologists and researchers to broaden their archaeological knowledge of the SLCA by
deploying the model with confidence in areas where very few researches have been done

especially in the Zimbabwe and Botswana side of the confluence. Above all, the archival nature

95



of satellite data will be of paramount importance in preserving the layout and locations of sites

in the face of destruction emanating from natural phenomena and developments.

4.2.2 Field data collection

A total of 356 soil surface samples (at a depth of 0-20cm) were collected in February 2017 and
packed in zip-lock plastic bags for field spectral measurements in the laboratory. This
procedure corresponds with the traditional method of acquiring reproducible, stable and
accurate spectral measurements (Ben-Dor et al. 2017; Stevens et al. 2010). Between 60 and
117 samples were collected for each category: non-sites (natural soil) and archaeological soils
characterised by ash middens, vitrified dung and non-vitrified dung deposits. A purposive
sampling method was used during the fieldwork data collection by visiting archaeological sites
which were noted in the literature as characterised by dung deposits and ash middens (Huffman
2009b, 2011). Bare soil samples were collected from areas far away from the archaeological
sites in order to avoid possible contamination from the archaeological soils caused by wind and

water erosion.

4.2.3 Lab spectral measurements and resampling

A portable field spectrometer (FieldSpec® 4) was used to measure the reflectance spectra of
vitrified dung, non-vitrified dung, midden and non-site soils in a controlled environment. This
was done in order to minimise the atmospheric effects caused by weather conditions. The
Analytical Spectral Devices (ASD) spectral offers very narrow spectral channels which have
been successfully resampled to the resolution of broadband sensors (Castaldi et al. 2016;
Mutanga et al. 2015). It captures visible-near infrared and short wave infrared spectral data
between 350-2500nm, at a bandwidth of 1.4 nm in the visible-near infrared region (350-
1000nm) and 1.1 nm in short wave infrared region (1001-2500nm) (Analytical Spectral
Devices, Inc. 2018). The spectrometer was calibrated using a white spectrolon reference panel
before taking measurements of a new sample and thereafter every 10 to 15 measurements in
order to minimise atmospheric effects. Soil samples were flattened on a black plastic plate to
create a smooth surface. The spectral measurements were then taken directly from the soil
surface of each sample at nadir position with 10mm field of view using Hi-Brite contact probe
fitted with 200W halogen reflector lamp (Ben-Dor et al. 2015; Ogen et al. 2017). Between 60
and 117 samples were collected from non-sites, middens, vitrified dung and non-vitrified dung
sites in the field, see Table 4. 2 below. Three spectral measurements were taken per sample by

randomly moving the probe over the soil surface, in an attempt to obtain a representative
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reflectance spectrum for the sample. The spectral measurements were then averaged to

represent the absolute spectral reading of the soil class of interest (Figure 4. 2).
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Figure 4. 2 Visualisation of the average lab spectral measurements of different soil classes. The classes are non-

vitrified dung (NVD), midden (MD), non-site (NS) and vitrified dung (VD).

Hyperspectral data measured in the lab were then converted to an ASCII file containing 10-
nm-wide band spacing using wavelengths between 350-2500 nm. The resultant hyperspectral
data contained in the ASCII file was averaged to resample the spectral resolutions of common
multispectral sensors using the resampling spectral library function inherent within
Environment for Visualizing Images (ENVI) v. 5.4 software. The resampling tool in ENVI
employs a Gaussian model with a spectral resolution (Full Width at Half Maximum) set to the
provided band spacing. The Gaussian model has been successfully used to resample the
spectral resolutions of various multispectral sensors using hyperspectral data (Dhau et al.
2018a; Oumar and Mutanga 2010; Verrelst et al. 2013). The hyperspectral data were resampled
to the spectral resolutions of a selection of popular multispectral sensors (GeoEye, Landsat 8
OLI, RapidEye, Sentinel-2, SPOT 5 and WorldView-2) using band centres in Table 4. 1. Bands
between 350-400nm and 2400-2500nm were removed from the data before resampling, as

these bands are affected by noise (Castaldi et al. 2016).
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Table 4. 1 Spatial resolutions and spectral characteristics of the different multispectral sensors (GeoEye, Landsat
8 OLI, RapidEye, Sentinel-2, Spot 5 and WorldView-2) showing band description, bandwidth and band centre

Sensor Band description Bandwidth Band centre Spatial resolution
(nadir)
GeoEye Blue 450-510 480 0.46m pan
Green 510-580 545 1.84m MS
Red 655-690 672.5
Near Infrared 780-920 850
Landsat 8 Coastal 430-450 440 15m pan
Blue 450-510 480 30m MS
Green 530-590 560
Red 630-670 650
Near Infrared 850-880 865
SWIR 1 1570-1650 1610
SWIR 2 2110-2290 2200
RapidEye Blue 440-510 475 6.5m MS
Green 520-590 555
Red 630-685 657.5
Red Edge 690-730 710
Near Infrared 760-850 805
Sentinel-2 Aerosols 433-533 483 10m, 20m, and
30m MS and
SWIR
blue 458-523 490.5
green 542-578 560
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red 650-680 665
vegetation red edge 695-713 704
vegetation red edge 733-748 740.5
vegetation red edge 733-793 763
Near Infrared 855-875 865
vegetation red edge 785-900 842.5
Water vapour 935-955 945
Short Wave Infrared- 1360-1390 1375
Cirrus
Short Wave Infrared 1565-1655 1610
Short Wave Infrared 2100-2280 2240
Spot 5 Green 500-590 545 5m pan
Red 610-680 645 10m MS
Near Infrared 780-890 835 20m SWIR
SWIR 1580-1750 1665
Worldview-2 Coastal 400-450 425 0.46m pan
Blue 450-510 480 1.84 MS
Green 510-580 545
Yellow 585-625 605
Red 630-690 660
Red Edge 705-745 725
Near Infrared 1 770-895 832.5
Near Infrared 2 860-1040 950

The resulting resampled satellite datasets were divided into training (70%) and test (30%)
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datasets (Table 4. 2). Thereafter the datasets were used as input variables in RF and SVM
classifiers to test if their spectral resolutions are suitable for predicting archaeological sites.

Table 4. 2 Training and validation dataset for all the soil classes created by splitting the field data into 70:30.

Archaeological Code Training dataset ~ Validation Total number of
classes dataset spectral samples
Midden MD 61 25 86

Non-vitrified dung NVD 82 35 117

Vitrified dung VD 42 18 60

Non-sites NS 66 27 93

4.2.4 Data classification

RF and SVM were used to classify archaeological and non-archaeological data. In recent time,
RF and SVM have been widely applied on remotely sensed data for land use and land cover
classifications and dependable results has been attained (Ahmad et al. 2010; Chagas et al. 2016;
Grimm et al. 2008). Furthermore RF and SVM has the ability to handle unwanted distortions
in remote sensing (Rodriguez-Galiano and Chica-Rivas 2014). Their reliability would,
therefore, be an advantage for archaeological site prediction, in particular in areas of limited

accessibility.

4.2.4.1 Random forest

RF is a non-parametric machine learning classification algorithm developed by Breiman
(2001). The algorithm uses an ensemble of classification and regression trees for prediction.
The algorithm grows each tree, without trimming it until its nodes reach purity, using a random
subset of predictor variables (Adam et al. 2017). Each tree from the forest then contributes a
single vote for the prediction class with the majority votes deciding the class. RF needs the
optimisation of the number of trees (ntree) and the number of the predictive variables taken
into consideration at each node (mtry) in order to improve the classification accuracy (Genuer
et al. 2010; Mureriwa et al. 2016). The bootstrap sampling of variables at random carried out
in building each tree was performed with replacement from the population (Breiman 1996;
Rodriguez-Galiano et al. 2012b). This sampling technique divides the variables into two-thirds
training data and uses the remaining third to asses the importance of each variable in
classification and generalisation error (Belgiu and Dragut 2016). The testing data is defined as
the Out-Of-Bag (OOB) sample.
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One major advantage of the RF over other machine learning algorithms, such as artificial neural
networks and SVM, is its inherent ability to measure the importance of each candidate predictor
in the classification process. This advantage has been demonstrated in a number studies where
RF was used for reduction of dimensionality and variable selection in various domains like
bioinformatics (Diaz-Uriarte and De Andres 2006; Farhat et al. 2016; Wu et al. 2008), ecology
(Brieuc et al. 2015; Wei et al. 2010), remote sensing (Mutanga et al. 2012) and medical imaging
(Lebedev et al. 2014). Gini importance measures the contribution of each predictor in keeping
the nodes pure in a forest. The second measure of importance, mean decrease in accuracy, Is
calculated using the RF internal measure of accuracy. RF asses the importance of each variable
in the final model by measuring the decrease in accuracy by means of OOB error, when its
values are removed from the sample with other variables remaining constant (Breiman 2001).
The error is expected to rise if the variable is important in the prediction of the forest. The

importance of predictor variable y; can be defined as:

ntree

MDA(y;) = ntree Z (apej — ary) Equation 4.1
t=1

Whereby:

1. ntree is the number of trees of the RF,

2. apy is the OOB error of tree t after randomly permuting the values of the predictor
variable y; , and,
3. ay, isthe OOB error of tree t before randomly permuting the values of the predictor
variable y;
The end results for each predictor variable can then be used to asses its importance in relation
to others in the prediction process. In this study, MDA was used to measure the importance of
hyperspectral data and resampled satellite bands in predicting non-sites, ash middens, non-
vitrified dung and vitrified dung. The mtry and ntree were optimised using grid search and 10-
fold cross-validation in the e1071 library (Meyer et al. 2017) of R statistical packages version
3.4.1. The resampled hyperspectral data was then classified in R using the randomForest

package which is based on the original RF algorithm developed by Breiman and Cutler (2007).
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4.2.4.2 Support vector machines

SV M classification algorithm has previously been used to classify land cover data from satellite
sensors (Adam et al. 2014; Ustuner et al. 2015). This is because of its robust generalisation
ability, capacity to deal with noise effects and achieve high classification accuracies (Shao and
Lunetta 2012). SVM are non-parametric classifiers, therefore they do not assume normality
within training statistics. In this study, SVM was used to predict the soil classes using
resampled satellite bands. SVM is a kernel-based algorithm which predicts classes by finding
the hyperplane that optimally separates two classes in a high dimensional feature space (Chen
and Lin 2006; Zhu and Blumberg 2002). The most commonly used SVM kernels are the
polynomial, sigmoid, linear and radial basis function (RBF) (Ben-Hur and Weston 2010; Lin
and Lin 2003; Pal and Mather 2005). A radial basis kernel function was used to classify the
data in this study because of its ability to handle nonlinear relations between class labels and
attributes (Hsu et al. 2003). The RBF defined as:

k(x,x1) = exp(—y||x — x||?) Equation 4.2

Whereby x and x! represent two points from training data with default kernel function
parameter (y) which is (1/(data dimension)). RBF requires two user-defined parameters, which
are the regularization parameter (C) and kernel function parameter (y) to run the SVM model.
The regularisation parameter regulates the accepted level of misclassification errors by
determining the margin between class boundaries (Li et al. 2015b). Kernel function parameter
defines the width of the Gaussian kernel. In general, the aforementioned parameters have an
influence on the overall classification accuracy hence a need to carry out a search for optimum
parameters to run the model for good classification accuracy to be attained (Hsu et al. 2003).
In this study, pairs of C and y parameters were optimised using a 10 fold cross-validation and
gird search. This method tests various combinations of C and y parameters and chooses the one
which attained the best cross-validation accuracy. The model follows the procedure described

below:

1. Consider a grid space of (C, y) with log,C € {-5,-3, .. , 13} and log,y € {-13,-11, .,
3}

2. For each pair of C and y parameters in the search space, do 10-fold cross-validation
on the training set.

3. Select a pair of C and y, which will result in the best overall cross-validation

classification rate.
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4. Train a model using the selected best combination of parameters (C, vy)
The optimisation of parameters and classification of the resampled hyperspectral data were
done using the e1071 library (Meyer et al. 2017) of R statistical packages version 3.4.1.

4.2.5 Accuracy assessment

Classification accuracy was assessed by means of the confusion matrix, which was constructed
using a holdout dataset created by randomly dividing the resampled data into 70% (training
data) and 30% (test data), see Table 4. 2 above. The confusion matrix enables the assessment
of the classification of each class by giving the user’s accuracy and the producer’s accuracy
(Congalton 1991). User’s accuracy shows the proportion of predictor variables correctly
predicted as they are in reality. This measure is achieved by dividing the number of correctly
predicted variables by the row total. Producer’s accuracy, on the other hand, measures the
proportion of predictor variables, which were correctly predicted within a class. Producer’s
accuracy is attained by dividing the number of correctly predicted variables by the column
total. Above all, the confusion also offers the overall accuracy, which is the percentage of
correctly classified test pixels across all classes. Even though the cause of correct allocations
or misclassifications have been deemed as a needless component of accuracy assessment,
Kappa Coefficient was used in this study together with overall accuracy (Pontius Jr and
Millones 2011; Stehman and Foody 2019). This is because, despite it containing data that is
redundant to that of overall accuracy, it is still an important part of the accuracy assessment

(Stehman and Foody 2019). Cohen’s kappa coefficient is defined as:

_ Pr(o) — Pr(c)

1—Pr(c) Equation 4.3

Where Pr(o) is the observed agreement and Pr(c) is the expected agreement. A perfect
agreement is achieved if the kappa value (K) is one or close to one (McHugh 2012; Rosenfield
and Fitzpatrick-Lins 1986).

4.3 Results

4.3.1 Optimisation of RF and SVM

The optimisation results of RF parameters (mtry and ntree) for different sensors are shown in
Figure 4. 3. In general, the lowest error rates achieved by the different optimum mtry and ntree
combinations for spectral data resampled to resolutions of various sensors ranges between 0.12
and 0.168 (Figure 4. 3). The optimum mtry and ntree parameter combinations for Sentinel-2

achieved the lowest OOB error rate at the value of 0.12. The best mtry and ntree parameter
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combination for hyperspectral data resampled to resolution each satellite sensor was used to

classify its related data in the RF algorithm.
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Figure 4. 3 OOB errors of optimised RF parameters (mtry and ntree) using grid search procedure. The OOB
method was used to identify the error rates for different sets of mtry and ntree; 30 sets for GeoEye (a), 60 sets for
Landsat 8 OLI (b), 40 sets for RapidEye (c), 120 sets for Sentinel-2 (d), 30 sets for SPOT 5 (e), and 70 sets for
WorldView-2 (f)

The exponentially growing sequence of C and y values were assessed using grid search in an
attempt to select the best parameter combinations for classifying dataset resampled to the
spectral resolutions of different sensors. The optimisation model achieved varying optimum
combinations of C and y for classifying data resampled to resolutions of GeoEye (C= 1000 and
y= 1), Landsat 8 OLI (C= 100 and y= 1), RapidEye (C= 100 and y=1), Sentinel-2 (C= 1000
and y=0.1), SPOT 5 (C= 1000 and y=1), and WorldView-2 (C= 100 and y=1) sensors, in
SVM classifier using RBF.
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4.3.2 Band importance

RF algorithm was used to assess the relative importance of each resampled band in predicting
midden, non-vitrified dung, non-sites and vitrified dung. Different sensors have their most
important bands situated at different portions of the electromagnetic spectrum (Figure 4. 4).
However, the majority of sensors have their most important bands located within the visible
spectrum. The green band (545 nm) in the SPOT 5 satellite sensor was the most important band
in discriminating midden, vitrified dung, non-vitrified dung and non-sites. This band combines
the wavelengths in the blue with those in the green part of the electromagnetic spectrum (Figure
4. 4). SWIR band in the SPOT 5 sensor was the second most important band. However, blue
band was the most important band for satellites which have the ability to capture data in the
blue portion of the electromagnetic spectrum such as GeoEye (480nm), RapidEye (470 nm),
Sentinel-2 (490 nm), and WorldView-2 (480 nm). Landsat 8 OLI was the only satellite which,
despite having a blue band, had its most important band in discriminating midden, non-vitrified
dung, non-sites and vitrified dung located in the SWIR (1610 nm). The red band was the least
important band for discriminating midden, vitrified dung, non-vitrified dung and non-sites for
satellite sensors Landsat 8 OLI, SPOT 5 and GeoEye. The red edge bands were the least
important in discriminating the aforementioned archaeological classes for satellite sensors
WorldView-2, Sentinel-2 and RapidEye, which capture data in the red edge wavelengths.
Overall, SPOT 5 had the most important bands for discriminating midden, vitrified dung, non-
vitrified dung and non-sites. Majority of bands of the Sentinel-2 sensor, which captures data in
most regions of the magnetic spectrum, have low values in mean decrease of accuracy as

compared to other sensors (Figure 4. 4).
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Figure 4. 4 Relative importance of each band for different sensors used in this study for predicting midden, non-
vitrified dung, non-sites and vitrified dung using RF. The spectral bands are distributed as follows: blue, green,
red, and near-infrared for GeoEye; coastal, blue, green, red, near infrared, SWIR1, and SWIR 2 for Landsat 8
OLI; blue, green, red, red edge, and near infrared for RapidEye; aerosols, blue, green, red, red edge, red edge, red
edge, near infrared, red edge, water vapour, SWIRI-Cirus, SWIR 1, and SWIR 2 for Sentinel-2; green, red, near
infrared, and SWIR for SPOT 5; coastal, blue, green, yellow, red, red edge, NIR1, and NIR2 for WorldView-2.

The most important variables are those with highest MDA.

The relationship between the important bands for discriminating midden, non-vitrified dung,
non-sites and vitrified dung using hyperspectral data and the location of bands for different
sensors was assessed using the mean decrease in accuracy in RF. The most important bands
for classifying the aforementioned features using hyperspectral data are spread across visible,
near infrared and short wave infrared portions of the electromagnetic spectrum (350-2500nm),
see Figure 4. 5. However, there are notable peaks in the visible and the short wave infrared
portions of the electromagnetic spectrum between 350-576 nm, 1292nm-1380nm, 1575-
1748nm, and 1801-1808 nm. All the satellite sensors have their bands located in the different
areas of the visible spectrum. On the contrary, new satellite sensors with a spatial resolution
less than 5 m do not have bands covering the short wave infrared region, which also possess
some important bands in classifying the aforementioned features (Figure 4. 5). Only medium

resolution sensors (Landsat 8 OLI, Sentinel-2, and SPOT 5) have bands located within the short
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wave infrared portion of the electromagnetic spectrum. The short wave infrared band from the
previously mentioned sensors is in line with the location of hyperspectral bands, which are
important for discriminating midden, non-vitrified dung, non-sites and vitrified dung, see
Figure 4. 5. This, therefore, corroborates the importance of this band in the classification of
the aforementioned features as shown in Figure 4. 4.
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Figure 4. 5 The location of different bands of satellite sensors across the visible, near infrared and shortwave infrared portion of the electromagnetic spectrum (350-2500nm)
in relation to the relative importance of spectral bands collected using field spectrometer in predicting midden, non-vitrified dung, non-sites and vitrified dung using RF
algorithm. The important bands are those with a high MDA.
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4.3.3 Classification accuracy

The classification of the midden, non-vitrified dung, non-sites and vitrified dung sites was
performed using RF and SVM on the hyperspectral data resampled to the spectral resolution
of GeoEye, Landsat 8 OLI RapidEye, Sentinel-2, SPOT 5 and WorldView-2 sensors,
respectively. The error matrices for the output of each classifier was created using a holdout
sample created by randomly dividing resampled laboratory data into 70% and 30% for training
and validation respectively. SVM achieved higher classification accuracies than RF for all

datasets.

Accuracy assessment of the RF classifier, which was done using the validation data, achieved
overall accuracies of 78.10%, 80.00%, 72.38%, 81.90%, 77.14%, and 77.14% and Kappa
coefficients of 0.7030, 0.7276, 0.6262, 0.7529, 0.6877, and 0.6905 when classifying
hyperspectral data resampled to the spectral resolutions of GeoEye, Landsat 8 OLI, RapidEye,
Sentinel-2, SPOT 5, and WorldView-2, respectively (Figure 4. 6). Generally, a lower
classification accuracy of 72.38% and Kappa coefficient of 0.6262 were attained with the data
resampled to the spectral resolution of RapidEye sensor while Sentinel-2 achieved a very high
classification accuracy of 81.90% and a kappa coefficient of 0.7529 (Table 4. 5 and Figure 4.
6). Sentinel-2 attained high producer’s and user’s accuracies of 82.86% and 78.38,
respectively, for NVD while RapidEye attained producer’s accuracy of 60.00% and user’s
accuracy of 75.00% for the same class (Table 4. 3 and 4. 5). However, mixed results were
attained when classifying MD, with data resampled to RapidEye sensor resolution achieving
high producer’s accuracy of 64.00% as compared to 60.00% for Sentinel-2, while on the other
hand Sentinel-2 achieved higher user’s accuracy of 65.22% as compared to 50.00% (Table 4.
3 and 4. 5). However, mixed results were attained when classifying MD, with data resampled
to RapidEye sensor resolution achieving high producer’s accuracy of 64.00% as compared to
60.00% for Sentinel-2, while on the other hand Sentinel-2 achieved higher user’s accuracy of
65.22% as compared to 50.00% (Table 4. 3 and 4. 5).
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Table 4. 3 Error matrices of RF classification algorithm based on the holdout sample for hyperspectral data
resampled to the spectral resolutions of RapidEye and Sentinel-2 sensors.

Class RapidEye Class Sentinel-2
NVD MD NS VD Total NVD MD NS VD Total
NVD 21 6 0 1 28 NVD 29 8 0 0 37
MD 11 16 1 4 32 MD 5 15 0 3 23
NS 3 3 26 0 32 NS 1 2 27 0 30
VD 0 0 0 13 13 VD 0 0 0 15 15
Total 35 25 27 18 105 Total 35 25 27 18 105
OA 72.38% OA 81.90%
Kappa 0.6262 Kappa 0.7529
mm OA =@ Kappa
100 -1

Overall accuracy (%)
Kappa

Satellite sensors

Figure 4. 6 The OA (%) and Kappa coefficients for RF classification of the midden, non-vitrified dung, non-sites
and vitrified dung achieved using a holdout sample from hyperspectral data resampled to resolutions of different
multispectral sensors

SVM classifier achieved overall accuracies of 86.67%, 92.38%, 82.86%, 92.38%, 91.43%, and
86.67% and kappa coefficients of 0.8188, 0.8967, 0.7663, 0.8963, 0.8836, and 0.8192 when
using a holdout sample from the data resampled to spectral resolutions of GeoEye, Landsat 8
OLlI, RapidEye, Sentinel-2, SPOT 5, and WorldView-2 sensors, respectively (Figure 4. 7 and
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Table 4. 6). In overall, Sentinel-2 achieved a high overall classification accuracy of 92.38%
and a kappa coefficient of 0.8963 while RapidEye attained the lowest overall classification of
82.86% and a kappa coefficient of 0.7663. MD achieved producer’s accuracy of 68.00% and
user’s accuracy of 68.00% for hyperspectral data resampled to RapidEye sensor while user’s
and producer’s accuracies of 84.00% and 87.50% were achieved for the one resampled to a
spectral resolution of Sentinel-2 sensor. Similar user’s accuracies of 100% were archived for
VD from the data resampled to the spectral resolutions of RapidEye and Sentinel-2 while
varying producer’s accuracies of 83.33% and 94.44% were attained for the same datasets,
respectively (Table 4. 4 and 4. 6). Landsat 8 OLI also achieved a very high overall classification
accuracy of 92.38%, which was similar to that of Sentinel-2 when using SVM classifier (Table
4. 6 and Figure 4. 7). However, their producer’s and user’s accuracy for NVD and MD were
different (Table 4. 6). Further results on producer’s and user’s accuracies for SVM classifiers

are provided in Table 4. 6.

Table 4. 4 Error matrices of SVM classification based on the holdout sample for hyperspectral data resampled to
the spectral resolutions of RapidEye and Sentinel-2 sensors

Class RapidEye Class Sentinel-2

NVD MD NS VD Total NVD MD NS VD Total
NVD 29 6 0 1 36 NVD 32 4 0 O 36
MD 5 17 1 2 25 MD 2 21 0 1 24
NS 1 2 26 0 29 NS 1 0 27 0 28
VD 0 0 0 15 15 VD 0 0 0 17 17
Total 35 25 27 18 105 Total 35 25 27 18 105
OA 82.86% OA 92.38%
Kappa 0.7663 Kappa 0.8963
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Figure 4. 7 The OA (%) and kappa coefficients for SVM classification of the midden, non-vitrified dung, non-
sites and vitrified dung achieved using a holdout sample from hyperspectral data resampled to resolutions of
different multispectral sensors
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Table 4. 5 RF classification accuracy of the midden, non-vitrified dung, non-sites and vitrified dung achieved using a holdout sample from hyperspectral data resampled to
resolutions of different multispectral sensors

GeoEye Landsat 8 OLI RapidEye Sentinel-2 SPOT 5 WorldView-2

PA (%) UA (%) PA (%) UA (%) PA (%) UA (%) PA (%) UA (%) PA (%) UA (%) PA (%) UA (%)
NVD 71.43 80.65 77.14 77.14 60.00 75.00 82.86 78.38 77.14 72.97 68.57 80.00
MD 64.00 59.26 60.00 60.00 64.00 50.00 60.00 65.22 52.00 54.17 64.00 57.14
NS 96.30 81.25 100.00  90.00 96.30 81.25 100.00  90.00 100.00  90.00 96.30 81.25
VD 83.33 100.00 83.33 100.00 72.22 100.00 83.33 100.00 77.78 100.00 83.33 100.00
OA (%) 78.10 80.00 72.38 81.90 77.14 77.14
Kappa 0.7030 0.7276 0.6262 0.7529 0.6877 0.6905

PA= producer’s accuracy, UA=User’s accuracy, OA=Overall accuracy
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Table 4. 6 SVM classification accuracy of the midden, non-vitrified dung, non-sites and vitrified dung achieved using a holdout sample from hyperspectral data resampled to
resolutions of different multispectral sensors

GeoEye Landsat 8 OLI RapidEye Sentinel-2 SPOT 5 WorldView-2

PA (%)  UA (%) PA (%) UA (%) PA (%) UA (%) PA (%) UA (%) PA (%) UA (%) PA (%) UA (%)
NVD  85.71 88.24 88.57 93.94 82.86 80.56 91.43 88.89 88.57 91.18 82.86 90.63
MD 80.00 71.43 88.00 84.62 68.00 68.00 84.00 87.50 88.00 81.48 84.00 70.00
NS 96.30 92.86 100.00  93.10 96.30 89.66 100.00 96.43 100.00 96.43 96.30 92.86
VD 83.33 100.00 94.44 100.00 83.33 100.00 94.44 100.00 88.89 100.00 83.33 100.00
OA 86.67 92.38 82.86 92.38 91.43 86.67
(%)
Kappa 0.8188 0.8967 0.7663 0.8963 0.8836 0.8192

PA= producer’s accuracy, UA=User’s accuracy, OA=Overall accuracy
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4.4 Discussion

Due to improvement of both spatial and spectral resolution of satellite sensors, successful
prediction of sub-surface and surface archaeological material using various multispectral
remote sensing data has been reported in numerous studies (Agapiou et al. 2012a; Beck et al.
2007; Lasaponara and Masini 2006; Masini and Lasaponara 2007; Melillos et al. 2018; Parcak
2007; Schuetter et al. 2013; Thabeng et al. 2019). Consequently, archaeological materials
produce localised signatures which cannot generally be used to predict archaeological sites in
other parts of the world. As such, there is a need to vigorously test the potential of the sensors
under various archaeological contexts. This study optimised for the best multispectral sensors
suitable for detecting archaeological sites characterised by surface features, which include ash

middens, vitrified dung and non-vitrified dung, within the southern African context.

This study has shown that a range of multispectral satellite sensors possesses bands which are
important in discriminating natural soils and archaeological sites characterised by ash middens,
non-vitrified dung, and vitrified dung deposits using RF and SVM classifiers. Generally, the
visible bands are the most important in the discrimination of the above-mentioned soil classes
in all the resampled multispectral sensor data. The blue band is the most important variable for
predicting the aforementioned archaeological classes using hyperspectral data resampled to
GeoEye, RapidEye Sentinel-2 and WorldView-2. However, overall, the green band in the
SPOT 5 sensor was the most important across all bands. This is because it combines the
wavelengths from the blue and the green sections of the electromagnetic spectrum, which
covers the most important bands for discriminating ash midden, non-vitrified dung, and
vitrified dung deposits (Figure 4. 5). The aforementioned wavelengths are commonly
associated with soil colour, which is normally influenced by organic matter content (Ben-Dor
et al. 1997). The other important bands are in the SWIR which are sensitive to soil
chromosomes (Castaldi et al. 2016). Generally, the resampled bands in the red, red edge and
near-infrared regions were least important in the classification of the aforementioned soils. This
is because they have been found to be highly sensitive to chlorophyll content and leaf structure
in vegetation (Adam et al. 2017; Fernandez-Manso et al. 2016; Glenn et al. 2008). This also is
in line with the results of Ben-Dor et al (1997), who observed that chlorophyll is not sensitive
to the spectra in its late stages of decomposition because of its rapid decomposition.
Furthermore, the additional bands in the new Very High Resolution (VHR) satellites such as

yellow band in WorldView-2 were also of less importance (Figure 4. 4).
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The importance of each wavelength (350-2500nm) in hyperspectral data was effectively
assessed using a mean decrease in accuracy in RF. The wavelengths in the visible and
shortwave infrared regions were found to be the most important discriminating natural soils
and archaeological sites characterised by ash midden, non-vitrified dung, and vitrified dung
deposits. These wavelengths are in line with the spectral resolutions of Sentinel-2, SPOT 5 and
Landsat 8 OLI. This, in turn, makes the aforementioned satellite sensors most suitable in
discriminating the surface archaeological sites characterised by a midden, non-vitrified dung,
vitrified dung deposits and their surrounding natural soils. This is also supported by the high
prediction accuracies of 91.43% - 92.38% and 77.14%-81.90% they attained when using SVM
and RF classifiers, respectively, to predict the above-mentioned features. Sentinel-2 achieved
the highest classification accuracies of 92.38% and 81.90% in SVM and RF, in that sequence.
This is largely because of its high spectral resolution, which captures data across wide portions
of the electromagnetic spectrum. As a result, enabling it to detect subtle differences in the
properties of the above-mentioned features. This is in line with the findings of Cavalli et al.
(2007) who found out that bands in SWIR are important in detecting soil characteristics related
to archaeological remains. Despite their high spatial resolution, the results in this study show
that new VHR multispectral sensors (GeoEye and WorldView-2) do not have all the best bands
for detecting the abovementioned archaeological deposits. These sensors capture data in visible
and near infrared regions only and do not have bands in the SWIR which are sensitive to some

important soil characteristics as discussed above.

The high classification accuracy achieved, when using Landsat 8 OLI, Sentinel-2, and SPOT
5, is an important development for archaeological heritage managers and researchers in
general, and in particular in the African continent where there is limited funding. Importantly,
imagery captured by Sentinel-2 and Landsat 8 OLI is free and readily available to acquire via
world wide web portals. As a result, survey, documentation and monitoring of archaeological
sites over large areas using these sensors is potentially cost-effective. However, although SPOT
5, Sentinel-2 and Landsat 8 OLI possess spectral resolutions required to detect archaeological
features in the study area, their lower spatial resolution (2.5m to 15m panchromatic and 10 to
60 m multispectral) might prove to be a challenge when the models are up-scaled to satellite
sensors. This is because middens and byres in the study area are oftentimes located in close
proximity (Calabrese 2000; Huffman 2009a), as such they can be captured in a single cell
causing spectra confusion. Furthermore, on average, the size of individual byres and middens

ranges between 3 and 18 meters in diameter (Huffman pers comm.). This is smaller than the
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minimum size of features that can be meaningfully discriminated by the aforementioned
satellites, which ranges between 20m and 30m (Myint et al. 2011; Thabeng et al. 2019). As
such, this study recommends further research with the use of actual images to assess the two
approaches suggested below. The first approach will be to compare the potential of very high
spatial resolution multispectral satellites (WorldView-2 and GeoEye) and that of low spatial
resolution satellites sensors (Landsat 8 OLI and Sentinel-2) in detecting archaeological sites
characterised by surface features. This is because, generally, the spatial resolutions (0.46
panchromatic and 1.84 multispectral) for VHR satellite sensors have the potential to capture
individual features with diameters of about 4m upwards (Thabeng et al. 2019). On the other
hand, low spatial resolution satellite sensors have the spectral ability to detect soil
characteristics which shows reflectance differences within visible and SWIR bands as
discussed above. The second approach will be to assess the potential of data fusion created by
merging images with different spectral and spatial resolutions in detecting the non-sites ash
middens, non-vitrified dung and vitrified dung deposits. The main reason for data fusion is to
create an image that combines the spectral abilities of low spatial resolution satellite sensors

and the spatial abilities of very high spatial resolution satellite sensors.

Generally, the results from this study showed that RF and SVM classifiers have the ability to
accurately predict ash midden, non-vitrified dung, and vitrified dung materials basing on their
spectral data. These results agree with those of other research which achieved good results
when using RF and SVM together in a number of spectral mapping applications including that
of vegetation species (Ghosh et al. 2014; Sesnie et al. 2010), vegetation health (Abdel-Rahman
et al. 2014), agriculture (Duro et al. 2012), land cover (Adam et al. 2014; Noi and Kappas 2018)
and archaeology (Thabeng et al. 2019). However, comparison of the accuracies achieved by
the two classifiers has shown some variation on how they performed in this study. In general,
SVM achieved higher overall classification accuracies than RF in all datasets. RF classifier
achieved 78.10%, 80.00%, 72.38%, 81.90%, 77.14%, and 77.14% when classifying
hyperspectral data resampled to the spectral resolutions of GeoEye, Landsat 8 OLI, RapidEye,
Sentinel-2, SPOT 5, and WorldView-2, respectively, while SVM classifier achieved overall
accuracies of 86.67%, 92.38%, 82.86%, 92.38%, 91.43%, and 86.67% for the similar datasets,
respectively. This is in line with the results from other studies (Adam et al. 2014; Sesnie et al.
2010) which attained varying overall classification accuracies between the two classifiers when
dealing with similar data samples. However, researchers (Pelletier et al. 2016; Thabeng et al.

2019) found out that even though there may be variations in their results, RF and SVM
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classifiers complement each other because of their different classification abilities. There was
also a variation on how RF and SVM predicted individual classes. In general, RF classifier
picked a lot of confusion between MD and NVD than SVM classifier (Table 4. 3 and 4. 4). RF
achieved lowest producers accuracy (52.00%) and user’s accuracy (54.17%) for hyperspectral
data resampled to the resolution of SPOT 5 sensor while the lowest producer’s and user’s
accuracies attained by SVM classifier stood at 68.00% each and were from hyperspectral data
resampled to RapidEye sensor. The confusion between MD and NVD might be a result of
chemical similarities between the two of them (Thabeng et al. 2019). The other reason might
be signature confusion influenced by the post-depositional processes such as erosion, which is
rampant in the study area, mixing the two deposits because as discussed above MDs are located
in close proximity to byres. This, therefore, supports results from Sesnie (2010) who posits that
SVM is a superior method for solving complex classification problems. In consequence, this
result makes SVM a better predictor of archaeological sites in the study area more especially
those characterised by MD and NVD. However, both classifiers achieved the highest user’s

accuracy (100%) for VD across all the datasets.

Above all the ability to use classifiers in predicting archaeological sites is a good development
because it broadens the use of spectral data of archaeological features from the traditional
visible bands to bands beyond the visible spectrum. It also helped to identify different
archaeological features across the landscape based on the spectral signatures resulting from
their geochemical contrast without necessarily doing extensive fieldwork. Thus giving
researchers the much needed preliminary idea on the type of archaeological sites characterising

the landscape and their distribution which will assist in planning field surveys and excavations.

In summary, the positive results attained from this study are a step in the right direction in
improving archaeological survey techniques. This is important more especially within the risky
environments of the resource-strapped African continent. The use of multispectral satellite data
will help to advance archaeological heritage management. It will also improve the knowledge
of the archaeological record in the continent by balancing the archaeological research and
giving new aerial perspectives of archaeological landscapes. There is some commonality in the
majority of archaeological sites in Southern Africa such as the presence of byres and middens
(Denbow 1979; Huffman et al. 2013; Jacobson et al. 2003; Peter 2001). Therefore, the results
of this study need to be up-scaled to actual images from satellites which are in operation and
tested in the sub-continent. Most importantly, it should also be indicated that the method can

be applied anywhere in the world as a cheap way of identifying sensors with spectral abilities
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to predict the archaeological material of interest. This is because there are many remote sensing

sensors which are now available with different spectral and spatial resolutions and the selection

of the appropriate data for archaeological applications is challenging. If the results are positive,

the mapping of archaeological sites could be up-scaled to data from operational sensors on

satellite platforms. Despite the abovementioned successes and potentials, lack of archaeologists

with remote sensing expertise remains a challenge to the application of remote sensing

techniques in the African continent and the world.

4.5 Conclusions

This study investigates the possibility of discriminating archaeological features using

hyperspectral data resampled to the spectral resolutions most widely used multispectral

sensors. The following findings can be concluded:

The bands within the visible and SWIR portions of the electromagnetic spectrum are
the most important for predicting the natural soils and archaeological sites
characterised by ash middens, vitrified dung and non-vitrified dung. The
aforementioned regions are in line with the spectral resolutions of the Sentinel-2,
SPOT 5 and Landsat 8 OLI sensors. This, therefore, makes them the most suitable
sensors for detecting archaeological sites even though they have a low spatial
resolution which is a limitation.

High classification accuracies which were achieved in this study, demonstrates that
the multispectral sensors have the ability to detect ash middens, non-vitrified dung
and vitrified dung. In general, high classification accuracies were achieved when
using SVM as compared to the RF classifier. The highest classification accuracies
were achieved when classifying data resampled to the resolution of the Sentinel-2
sensor using both RF (81.90%) and SVM (92.38%). Landsat 8 OLI also achieved the
highest classification accuracy similar to that of Sentinel-2 when using SVM
classifier.

The green band and SWIR bands in SPOT 5 satellite sensor were the most important
bands in discriminating against midden, vitrified dung, non-vitrified dung and non-
sites. However, the blue band was the most important band in sensors; GeoEye,
RapidEye, Sentinel-2, and WorldView-2, with the ability to capture it. Other
important bands included the SWIR bands in Landsat 8 OLI and Sentinel-2 and NIR

bands in sensors without SWIR bands.
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The results of this study have revealed the prospects of discriminating ash middens, natural
soils, vitrified dung and non-vitrified dung by means of hyperspectral data resampled to the
resolutions of multispectral satellite sensors. This, in turn, offers the opportunity to upscale this
approach to spaceborne sensors for mapping and monitoring archaeological features. This is
an important development for archaeological researchers and heritage managers because it will
reduce the difficulties encountered during fieldwalking surveys. The difficulties include cost,
access rights in private properties, long surveying periods, areas characterised by the presence
of wild animals and active war zones. This is one of the earliest studies whereby the potential
of several sensors to detect surface archaeological material is being assessed. Although,
hyperspectral data resampled to the spectral resolutions of low spatial resolution sensors
(Landsat 8 OLI, Sentinel-2, and SPOT 5) achieved relatively high classification accuracies,
this study recommends more research using actual images to assess the potential of very high
spatial resolution satellites (GeoEye or WorldView-2) in detecting archaeological sites
characterised by surface features. This is because the middens and byres in the study area are
closely located to each other, therefore, the spatial resolutions for VHR satellite sensors have
the potential to reduce within cell spectral mixing by capturing individual archaeological
features. Additionally, VHR satellite sensors also have bands, which are important for
discriminating archaeological and non-archaeological features and they achieved high

classification accuracies in this study.
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CHAPTER FIVE

5. High-resolution remote sensing and advanced classification
techniques for the prospection of archaeological sites’ markers: the
case of dung deposits in the Shashi-Limpopo Confluence area
(Southern Africa)

This chapter is based on:

Thabeng, O. L., Merlo, S. and Adam, E., 2019. “High-Resolution Remote Sensing and
Advanced Classification Techniques for the Prospection of Archaeological Sites’ Markers: The
Case of Dung Deposits in the Shashi-Limpopo Confluence Area (Southern Africa).” Journal
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Abstract

Archaeological prospection through remote sensing is based on the contrast between areas of
archaeological interest and their surroundings. It has been used as the cheapest and the fastest
way of locating and documenting areas of archaeological interest since the 1920s, initially with
the aid of film-based aerial photographs. In recent years, there has been a shift towards the use
of multispectral satellite data in prospecting for archaeological sites because of their ability to
give information on spectral characteristics of archaeological material beyond the visible
spectrum. However, spectral signatures for identifying archaeological sites are not universal,
and an assessment of the applicability of remote sensing techniques in different archaeological
landscapes is needed. This study tests the feasibility of prospecting for archaeological sites
previously occupied by farming communities in the Shashi-Limpopo Confluence Area of
southern Africa, using very high-resolution satellite WorldView-2 images. It also assesses the
performance of advanced classification algorithms (support vector machine and random forest)
and the contribution of new WorldView-2 bands in detecting archaeological sites. Two
independent accuracy assessments were carried out, using a data set collected by Huffman
(2009b, 2011) and a randomly generated holdout test dataset, respectively. The results
demonstrate the potential of remote sensing methods in prospecting for archaeological sites
previously occupied by farming communities using very high-resolution satellite images and
advanced classification algorithms. Very high overall accuracies were achieved by: random
forest, 95.29% using holdout sample and 97.71 using independent dataset; support vector
machine, 88.82% using holdout sample and 95.88 using independent dataset, respectively. The
new WorldView-2 bands were of least importance (compared to traditional bands) in detecting
sites in Shashi-Limpopo Confluence Area. Despite high classification accuracies achieved by
both classifiers, there were some misclassifications between vitrified dung sites and river sand.
Therefore, to address this problem, this study recommends the use of robust classifiers such as
object-based algorithms because of their ability to segment an image into homogenous objects
and classify them using a combination of spectral, textual, sub-pixels, spatial, relational and

contextual methods.

Keywords: Remote sensing, farming communities, vitrified dung, non-vitrified dung, survey,

prospection, advanced classification
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5.1 Introduction

Archaeological prospection through remote sensing offers a practical and economical means
to detect and characterise different types of archaeological sites, over traditional field walking
survey methods (Beck 2007). It also reduces the biases inherent in fieldwalking survey
methods, which can be influenced by the researcher’s tendency to sample hotspots, leaving out
other parts of the study area, whereas remote sensing can offer more comprehensive coverage
of an area (Bintliff 2000; Hawkins et al. 2003; Renfrew and Bahn 2012). Most importantly,
the use of aerial and satellite images gives archaeologists a synoptic view of archaeological
landscapes and helps them understand patterns which may not be visible when on the ground
(Crawford 1923; Hritz 2010). The increased spatial, temporal and spectral resolutions of
satellite remotely sensed data offer opportunities for discriminating different archaeological
traces and detecting their change over time (Agapiou et al. 2015; Doneus et al. 2014;
Hadjimitsis et al. 2009; Verhoeven and Vermeulen 2016), including the monitoring of looting
activities (Hesse 2015; Parcak 2015; VVan Ess et al. 2006). Additionally, remotely sensed digital
data can be integrated with various other datasets for advanced analysis (Hesse 2015; Megarry
et al. 2016; Parcak 2007). For example, researchers such as Chen et al. (2013a; b) and Megarry
et al (2016) integrated satellite image data and topographic data to directly predict the possible

locations of archaeological sites using statistical methods.

Early studies, which employed aerial photography and early satellite images for archaeological
prospection and prediction, visually identified soil marks, vegetation marks, surface features
and other proxies for buried and semi-buried archaeological features based on tonal and textural
differences in the images (Crawford 1923; Evans and Jones 1977; Fowler 2002; Gojda and
Hejcman 2012). More recently Normalized Difference Vegetation Index (NDVI) and other
image processing techniques on multispectral satellite imagery have been employed to assess
the types and health of vegetation that may indicate the presence of archaeological features
(Agapiou et al. 2014a; Aqdus et al. 2008; Doneus et al. 2014; Keay et al. 2014; Keeney and
Hickey 2015; Lasaponara and Masini 2006, 2007; Masini and Lasaponara 2007). The use of
remote sensing techniques in African archaeology has followed similar trajectories of
development. It begun with the visual inspection of aerial photographs to detect archaeological
sites (Denbow 1979; Lightfoot and Miller 1996; Mason 1968; Seddon 1968a) and is now
exploiting satellite images and their improved spatial resolution for the mapping of settlement

patterns (Sadr 2016b; Sadr and Rodier 2012). More recently, multispectral data has been
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digitally processed to identify proxy archaeological indicators such as vegetation (Biagetti et
al. 2017; Clark et al. 1998; Reid 2016).

Few studies (De Laet et al. 2007; Parcak 2007) in Africa and beyond have focused on the
possibility of directly detecting the presence of archaeological materials using their spectral
signatures. In fact, despite its potential advantage for identifying archaeological sites, early
remote sensing imagery was challenging to use for a number of reasons, including the low
spatial resolution of platforms such as Landsat and SPOT, which hampered the ability to map
landscape complexity and to distinguish subtle spectral differences of archaeological sites and
the surrounding areas (De Laet et al. 2007; Lasaponara and Masini 2006; Masini and
Lasaponara 2007). The advent of new generation satellites with Very High Resolution (VHR)
spatial images such as WorldView-2, Quick Bird and IKONOS, availed new avenues which
can be harnessed for this approach. VHR satellite images offer a synoptic view which provides
invaluable insight into complex archaeological environments at a high spatial and spectral
detail (Masini and Lasaponara 2007). For example, WorldView-2 has a very high spatial
resolution (0.46m panchromatic and 1.84m multispectral) and a relatively narrow bandwidth,
together with new spectral bands such as coastal, yellow, red-edge and NIR2 (DigitalGlobe
2010). These new spectral bands combined with high spatial resolution sensors have the ability
to detect and characterise small (sub-meter) and spectrally less evident archaeological features
compared to the traditional multispectral data such as SPOT and Landsat TM (Aqdus et al.
2012; DigitalGlobe 2010; Keay et al. 2014; Lasaponara et al. 2016b).

In recent years, computer software and algorithms for processing and classifying satellite
images have significantly improved (Lu and Weng 2007; Rodriguez-Galiano et al. 2012b).
Computer software includes advanced machine learning classifiers such as random forest (RF)
and support vector machine (SVM) (Breiman 2001; Huang et al. 2002; Zhu and Blumberg
2002). The aforementioned classifiers use training samples to learn patterns in data and use
them to make predictions for similar occurrences (Belgiu and Dragut 2016). The SVM and RF
classifiers have been used for different applications such as land cover/use classifications of
urban environments (Zhu and Blumberg 2002), vegetation (Huang et al. 2008a; Lawrence et
al. 2006; Raczko and Zagajewski 2017), discrimination of heterogeneous landscapes (Adam et
al. 2014; Rodriguez-Galiano et al. 2012b) and biophysical studies, including the estimation of
biomass (Mutanga et al. 2012). The use of advanced classification algorithms helped in
increasing the reliability and accuracy of classifications performed on images, even with

limited training data sets (Rodriguez-Galiano et al. 2012b; Shao and Lunetta 2012). The use of
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machine learning algorithms in archaeology has been neglected. The aim of this study is
threefold: (i) to test the feasibility of directly detecting archaeological sites characterised by
animal byres through the use of high spatial resolution satellite images; (ii) assess the
contribution of new bands from VHR satellites, more specifically WorldView-2, in detecting
archaeological sites; and (iii) test the performance of advanced machine learning classifiers
(RF and SVM) in archaeological applications. To achieve its aim, the research makes use of a
case study from the southern African Shashi-Limpopo Confluence Area (SLCA), where animal
byres are a common characteristic feature of archaeological sites from the early Zhizo periods
up to the historic past (Hanisch 1980; Huffman 2012).

5.2 Archaeological Context

The SLCA, which forms the boundary of three countries, Botswana to the west, South Africa
to the south and Zimbabwe to the north (Figure 5. 1), has been permanently occupied by groups
of farming communities from 900 AD onwards (Calabrese 2000; Eloff and Meyer 1981;
Huffman 2000; Vogel and Calabrese 2000). These societies practised the so-called Central
Cattle Pattern (CCP) settlement system, whereby an animal byre (kraal) was located at the
centre of the settlement, close to the male gathering area (Hanisch 2002; Huffman 2009a). As
a result, remains of animal byres in the form of dung deposits are some of the major
characteristic features of settlements across the confluence area (Hanisch 1980; Huffman
2009b, 2011; Huffman et al. 2004). These features can be further divided into vitrified and non-
vitrified deposits (Huffman et al. 2013; Meyer 2000). Non-vitrified dung deposits consist of
unburned dung (Huffman et al. 2013). Vitrified dung is a glassy biomass slag with high deposits
of nitrates and phosphates formed by burning thick dung deposits at very high temperatures (in
the region of 1100° C)(Peter 2001; Thy et al. 1995). The causes of dung vitrification are
debated. Thy et al. (1995) posits that, for vitrification to occur, dung may have been burned by
veld fires or lightning at very high temperatures, in an environment conducive to internal
combustion. Other researchers (Huffman et al. 2013; Peter 2001) argue that vitrification is a
result of the intentional burning of byres, most likely for cleansing purposes. These sites appear
as cleared patches within the savannah woody vegetation. In some cases, they are covered by
some grass species including cenchrus ciliaris, which has been identified by Denbow (1979)
as an indicator of archaeological middens and byres. Nevertheless, this grass is ubiquitous in
the SLCA.
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Substantial excavations and intensive fieldwalking survey, spanning a period of close to four
decades, were carried out on the South African side of the confluence by different researchers
(Hanisch, 1980, Huffman, 1989, Huffman et al., 2004, Huffman, 2009b, Huffman, 2011).
These surveys resulted in the identification of about 1160 farming community sites dating from
as early as 450AD (Huffman and Du Piesanie, 2011). Various approaches were used to
document the site locations at different periods of the survey. Sites found before the late 1990s
were documented in 1: 50,000 topographic maps while those found after this date were
recorded using Global Positioning System (GPS) by capturing the coordinates at their centre
(Huffman, 2011). In other areas of the confluence sporadic systematic surveys have been
carried by Manyanga (2007) in Zimbabwe and Mothulatshipi (2008) in Botswana. Surveying
for archaeological sites in the SLCA through fieldwalking is a challenge due to the complexity
of the landscape, the presence of dangerous wild animals (including lions and elephants), and
ownership accessibility. Remotely sensed based survey of the broader confluence area is a
viable approach to complete the patchy prospection of this important landscape beyond the
borders of South Africa.
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5.3 Materials and Methods
5.3.1 Remote sensing data acquisition and pre-processing

Cloud-free multispectral WorldView-2 images dated August 5, 2014, and covering 1388 km?
of the entire study area were acquired free of charge from Digital Globe under their image grant
programme. The date of acquisition was based on the images’ availability and took into
consideration the landscape dynamics. In fact, from August to October (Southern hemisphere
spring season), the savannah canopy is very dry and open with most of the archaeological dung
deposits exposed. WorldView-2 has one panchromatic and eight multispectral bands
distributed from the visible to the near-infrared region of the spectrum, with a spatial resolution
of 0.5 mand 2 m respectively. It has a swath width of 16.4 km at nadir. The spectral ranges
of the eight multispectral bands are 400-450 nm (B1-coastal), 450-510 nm (B2-blue), 510—
581 nm (B3-green), 585-625 nm (B4-yellow), 630-690 nm (B5-red), 705-745 nm (B6-red
edge), 770-895 nm (B7-near infrared-1), and 860-1040 nm (B8-near-infrared-2). These
provide the WorldView-2 images with both high spectral and spatial resolutions which are vital

in detecting dung remains.

The images were geometrically corrected by DigitalGlobe  Foundation
(www.digitalglobefoundation.org). The radiometric corrections were done on each image
using Fast Line-of-Sight Atmospheric Analysis of Hypercubes (FLAASH). FLAASH has the

ability to correct atmospheric effects on the image and give radiance values leading to the

recovery of accurate reflectance spectra (Matthew et al. 2002). To prepare the images for
radiance calibration in FLAASH, they were first converted to top-of-atmosphere (TOA)
radiance, using radiometric calibration coefficients supplied in the metadata file. Radiance
calibration was then performed on the FLAASH model using standard parameters without

aerosol retrieval at an average altitude of 540 m.

5.3.2 Land-cover categories and reference data collection

Following a first visit to the confluence area in September 2015 with an archaeological expert
who provided vital information on site locations and characteristics, fieldwork data collection
was conducted in September 2016 with the purpose of acquiring ground reference points to
classify the WorldView-2 image. Even though data collection was completed two years after
the image was captured, this will not have an effect on the classification results because the
structure and chemical composition of the study material (vitrified dung and non-vitrified

dung) does not change within such a short period (Huffman et al., 2013). The period that was
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chosen for data collection also coincides with the spring season, which is the time when the
image was acquired. The two visits revealed that the land is normally bare in the study area
during the spring season, exposing surface archaeological remains. Moreover, most of the area
chosen falls within a national park and world heritage site and a private game reserve. Changes
in land use are minimal since the areas are protected against changes by legislation. The visits,
therefore, confirmed that land cover and land use (LULC) changes did not occur and cannot
have significant effects on the prediction model.

A purposive sampling method was used during the fieldwork data collection by visiting sites
which appear in the literature and have been dated to the period of interest. A global positioning
system device (GPS) was used to navigate to these sites, whose coordinates were extracted
from the site inventory constructed by Huffman (2009b, 2011). Although a variety of different
remains characterise the farming communities’ period in the Shashi-Limpopo confluence, the
survey targeted only three archaeological classes: vitrified and non-vitrified dung deposits and
middens. This latter class will not be further explored in this paper. Three additional land use
and land cover classes including bare land (natural soils), savannah woody vegetation, and
irrigated agriculture (pivot agriculture) were extracted from the WorldView-2 data using
collected ground reference points and were considered as variables during the image
classification process. The natural vegetation in the study area was grouped into a single
savannah woody vegetation class. The commercial farms were grouped into irrigated
agriculture because of their pivot irrigation systems. This broad categorisation of the vegetation
was deemed acceptable for the study which was aimed at distinguishing barren soil
(archaeological and non-archaeological) from the surrounding vegetation classes and not at
mapping different vegetation types in the area. Furthermore, even though different types of
vegetation have distinct spectral signatures that may be used to discriminate amongst them, in
the context of this study there are no vegetation proxies related to archaeological remains. An
unclassified category was created by grouping features such as rivers, roads and the Venetia
mine. This category was excluded from the classification to avoid unnecessary confusion.
These features have potentially a similar spectral reflectance to that of archaeological sites. For
general land cover and land use, additional points were digitised using a pan-sharpened version
of the WV image. In total 565 reference points were created with different class sizes ranging
between 45 and 205 points. Spectral curves (Table 5. 1) were generated using averages of
reflectance values of each class extracted from the WorldView-2 image. The reference data

was then randomly divided into training (70%) and validation (30%) datasets.
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4 Bare soil

116

5 Savannah
woody
vegetation

4000
3000
2000
1000

135

Table 5. 1. Reference data for archaeological sites and land cover land use classes. The mean reflectance curves were constructed using spectral data extracted from WorldView-2 image using

reference points
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5.3.3 Image classification

Two machine-learning classifiers (random forest and support vector machine) were tested in
this study. Random forest (RF) and support vector machine (SVM) algorithms were
implemented on the images using R and ENVI software respectively. RF and SVM have
received increasing attention in remote sensing applications, and good results have been
achieved (Archer and Kimes 2008). One of the advantages of the machine learning classifiers
such as SVM and RF is that they can produce reliable results with a small number of training
samples (Mountrakis et al. 2011; Pal and Mather 2005; Rodriguez-Galiano et al. 2012b). Their
reliability would, therefore, be an advantage for archaeological research, in particular in areas
of limited accessibility.

5.3.3.1 Random forest

The RF classification algorithm uses an ensemble of non-pruned binary decision trees
constructed using several bootstrap samples taken from learning sample using a randomly
selected subset of variables (Archer and Kimes 2008; Breiman 2001). The bootstrap process,
which uses two-thirds of the original data, offers an opportunity to estimate classification error
using data withheld from the random dataset, about one-third of the original data, used in
growing a tree (out-of-bag) (Breiman 2001; Genuer et al. 2010). An Out-Of-Bag (OOB) sample
is also used in the estimation of variable importance. To minimise the correlation between
classifiers in the ensemble, the algorithm uses the best split of a random subset of predictive
variables at each node to grow the tree (Archer and Kimes 2008). Normally, the number of the
predictive variables taken into consideration at each node (mtry) is defined by the user, with
the default value being the square root of the number of variables. The tree is grown to its full
extent without being pruned (Breiman 2001). The classification decision is then voted for by
each tree from ntree with the majority vote determining the predicted class of observation.
Since no tree pruning is done and only a sample of variables being trained on data, RF is less
computationally demanding than other ensemble methods (Svetnik et al. 2003). The RF
classification algorithm also provides a measure of the variables’ importance as part of the
classification process. These are Gini importance, mean decrease accuracy (MDA) and the
number of times each variable is selected by each tree in the ensemble (Strobl et al. 2007). In
this study, MDA was chosen as a measure of variable importance. MDA is measured by the
average difference between prediction accuracies observed for each tree before and after the

predictor variable is randomly permuted (Archer and Kimes 2008). Relatively large values
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indicate the most important predictor variable while small values indicate the predictor is of
less or no importance. As a result, in this study MDA was used to measure the contribution of
each WorldView-2 band in discriminating LULC classes.

The optimisation of mtry and ntree was done using a randomForest library of R statistical
packages version 3.4.1. The optimal combination of both mtry and ntree parameters was found
using a grid search approach based on the OOB estimate of error. The grid search value for
mtry was varied from 1 to 8, while the range of the grid search value for the ntree parameter
was varied from 500 to 10,000 with an interval of 500. RF classification was carried out on the
image using the randomForest classification package in R software. This package is based on
the original RF algorithm developed by Breiman and Cutler (2007).

5.3.3.2 Support vector machine

SVM classifiers are designated to find the hyperplane that will optimally differentiate two
classes (Mountrakis et al. 2011; Zhu and Blumberg 2002). The optimal separating hyperplane
is the one with a maximum distance between it and the closest point without incurring some
classification errors (Zhu and Blumberg 2002). The points closer to optimal separating
hyperplane are classified as support vectors (Pal and Mather 2005). In a case where it is
impossible to separate the two classes linearly, the SVM algorithm finds a location which
maximises the margins while simultaneously minimising the number of errors (Pal and Mather
2005). SVM also uses kernel density to generate boundaries on non-linear surfaces. This is
because kernel density gives the user an opportunity to classify data which does not have
representation with clear fixed-dimensional vector space (Ben-Hur and Weston 2010).
Generally, the most common kernel functions used in SVMs can be categorised into four
groups; namely, polynomial, sigmoid, radial basis function and linear (Ben-Hur and Weston
2010; Lin and Lin 2003; Pal and Mather 2005). However, the majority of the remote sensing
studies have used polynomial and radial basis function kernels for image classification (Huang
et al., 2002; Otukei and Blaschke, 2010; Zhu and Blumberg, 2002). In cases where the two
classifiers were compared, radial basis function outperformed polynomial function (Kavzoglu
and Colkesen 2009). As a result, the radial basis function (RBF) was used to classify the dataset
in this study. RBF requires the optimisation of two parameters: sigma (C) the regularisation
factor, and gamma (y) the width of the kernel (Hsu et al. 2003; Huang et al. 2002). The
optimisation was performed using a 10-fold cross-validation and grid search. The grid search

method tests different pairs of cost and gamma parameters and the one with the highest cross-
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validation accuracy is selected (Hsu et al. 2003). RBF parameters were optimised using the
e1071 library (Meyer et al. 2017) of R statistical packages version 3.4.1.

5.3.4 Accuracy Assessment

A holdout test dataset was generated by randomly dividing the ground-referenced data for the
study area into 70% and 30% for training and testing for the accuracy assessment of the SVM
and RF classifiers. The divisions mentioned above were done before classifying the data. An
independent test data set constituting 278 non-vitrified and 23 vitrified dung sites mapped by
Huffman (2009b, 2011) was also used for accuracy assessment of the SVM and RF classifiers.
A confusion matrix was subsequently constructed to compute the kappa statistic, overall
accuracy, user’s accuracy and producer’s accuracy as criteria for evaluating the level of
accuracy and reliability of the generated surveying maps in site identification. Mcnemar’s
test was also used to test whether there is any significant difference in the way the two
classifiers predicted the classes. Mcnemar’s test is a non-parametric test that is based upon
confusion matrices that are two by two dimensions (de Leeuw et al. 2006). This test is based

on the standardised normal test statistic defined as:

e o
- uation o.
NS f

by which f; and fsrepresent the off-diagonal entries in the matrix. Simply put f; and f;
represents the number of cells correctly classified by one algorithm and misclassified by the
other. The significance level was set at 0.05, with the difference being assumed to be significant

if the Z is greater than the critical value 1.96.

5.4 Results

5.4.1 Tuning RF and SVM parameters

Results from the grid search indicated that the default mtry values between 4 and 6 combined
with ntree values between 500 and 9500 produced the lowest OOB error rate (2.8%). The
highest OOB error was attained when the number of predictors sampled for splitting at each
node (mtry) is set at 2 with a number of trees grown set at 500, 2000-3500, 4500, 5500-8000,
9000-10000 and when mtry is set at 8 with ntree set at 500 and 9500 (Figure 5. 2). As a result,

mtry value of 4 and ntree value of 500 were used as input parameters to train the RF algorithm
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to classify the LULC classes. On the other hand, grid search gave 0.01 and 10 as a combination
of gamma and cost values giving the highest prediction accuracy for the SVM classifier.
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Figure 5. 2 OOB errors of random forest parameters (mtry and ntree) optimised using grid search method.

The RF classifier was able to determine the relative importance of WorldView-2 bands in
discriminating the archaeological sites from other LULC classes. The mean decrease in
accuracy with the RF algorithm has shown that generally, the red band, near-infrared and
the blue bands were the most important in predicting the land cover classes (Figure 5. 3).
For individual classes, the blue, red and green bands were most influential in detecting
vitrified dung deposits, while the blue, red and near-infrared bands were instrumental in
detecting non-vitrified dung (Figure 5. 4). Amongst the four new WorldView-2 bands, only
the yellow one was important in detecting both vitrified and non-vitrified dung sites. Red edge
and NIR2 formed part of the most important bands in detecting savannah woody vegetation.
This is an important result, which highlights the usability of imagery with limited spectral

bands in the detection of dung deposits in archaeological landscapes.
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Figure 5. 3 Histogram showing the overall importance of different WV2 bands in detecting the different land
cover classes reported in Table 5.1
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Figure 5. 4 Histogram showing the importance of different WV2 bands in detecting each land cover class
considered in the study

5.4.2 Image classification and site prediction

The classification of the image using both RF and SVM algorithms was done to discriminate
between bare soil, savannah woody vegetation, irrigated agricultural fields, archaeological sites
with vitrified dung and those with non-vitrified dung. The main visual difference on the
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thematic maps produced by the two algorithms was the amount of non-vitrified dung land
cover class in the northern part of the study area (Figure 5. 5). The map produced by SVM
algorithm shows that the aforementioned area is dominated by non-vitrified dung and
savannah woody vegetation while the map produced by RF classifier shows the dominance
of bare soil with some strips of savannah woody vegetation in the same area (Figure 5. 5).
Statistically, SVM assigned 6.64 km? of the study area to vitrified dung sites while RF
assigned only 3.46 km? of the study area to the same class (Table 5. 2).

b
Key

- unclassified |:| irrigated agriculture - savannah woody vegetation

- bare soil - non vitrified dung - vitrified dung

Figure 5. 5 Classification maps obtained using RF (a) and SVM (b) algorithms
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Table 5. 2 Area (km2) covered by different LULC classes as predicted by RF and SVM classifier

Class SVM Random forest
Unclassified 52.82 52.82

BS 493.59 775.25

1A 5.97 3.53
NVD 145.28 24.37
SWV 667.53 512.39

VD 6.64 3.46
Total 1371.83 1371.83

5.4.3 Accuracy assessment

Two sets of data, a holdout sample and independent data, were used for assessing the
classification accuracies of both RF and SVM classifiers by employing error matrices as
shown in tables 5.3, 5.4, 5.6 and 5.7 respectively. Generally, the RF classifier had a higher

overall accuracy than SVM classifier.

An accuracy assessment for the SVM algorithm using a holdout sample produced 88.82%
overall accuracy and a kappa coefficient of 0.84. Vitrified dung had the highest producer’s
accuracy of 100% while non-vitrified dung had 87% (Table 5. 3). Non-vitrified had 93%
user’s accuracy while vitrified dung had 89%. An accuracy assessment which was done with
an independent data set produced higher accuracies for non-vitrified dung sites (Table 5. 4).
Non-vitrified dung recorded 100% producer’s accuracy and 99% user’s accuracy while
vitrified dung recorded producer’s and user’s accuracies value of 96% and 92% respectively.
A single vitrified dung site was confused as a non-vitrified dung site. Sites mapped by
Huffman (2009b, 2011) were then overlaid on the classified image. It was found that 19.35%
of vitrified dung sites and 61.94% of the non-vitrified dung sites were located their exact
predicted locations. Some of the sites were located away from their predicted locations with
19.35% of vitrified dung sites and 34.84 % of non-vitrified dung sites being within 10 meters

from their expected positions (Table 5. 5).

The RF classifier yielded 95.29% overall accuracy and a kappa coefficient of 0.84. A 100%
user’s accuracy was attained for vitrified dung, non-vitrified and bare soil when using RF
classifier (Table 5. 6). Savannah woody vegetation and irrigated agriculture attained user’s

accuracy less than 100%, which was 88% and 97% respectively. Vitrified and non-vitrified
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dung classes had 100% producer’s accuracy and there was no confusion between them and
other classes. However, a confusion occurred between vitrified dung sites and non-vitrified
dung sites when using an independent dataset taken from a list of archaeological sites
compiled by Huffman (2009b, 2011) for accuracy assessment (Table 5. 6). Two vitrified
dung sites were confused as non-vitrified dung sites. Vitrified dung sites had the highest
user’s accuracy of about 100 % while non-vitrified dung had the highest producer’s accuracy
value of 100%. When assessing the prediction accuracy of the model using an independent
dataset, taken from a list of 278 non-vitrified dung sites and 23 vitrified sites compiled by
Huffman (2009b, 2011), 19.35% of vitrified and 29.03% of non-vitrified dung sites were
located on their predicted locations (Table 5. 8). Three vitrified dung sites were confused as

non-vitrified dung sites.

Even though the classifiers had different classification accuracies, an assessment done on their
prediction accuracies using Mcnemar’s test showed that there is no significant difference (Z
<1.96) at 5% significance level in the way they discriminated the LULC classes (Table 5. 9).

Table 5. 3 Confusion matrix showing overall classification accuracy and kappa for discriminating the five land

cover classes; Vitrified Dung (VD), Savannah Woody Vegetation (SWV), Non-Vitrified Dung (NVD), Irrigated
Agriculture (1A) and Bare Soil (BS) using SVM

VD SWV NVD 1A BS Total UA
VD 17 0 0 0 2 19 89.47
SWV 0 40 0 2 2 44 90.91
NVD 0 0 13 0 1 14 92.86
1A 0 8 0 57 0 65 87.69
BS 0 2 2 0 24 28 85.71
Total 17 50 15 59 29 170
PA 100 80 86.67 96.61 82.76
OA 88.82%
Kappa 0.84
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Table 5. 4 Confusion matrix showing user's and producers accuracy for sites identified by Huffman (2009b, 2011)
on an image classified using SVM classifier

VD SWV NVD 1A BS Total UA
VD 22 0 0 0 2 24 91.67
SWV 0 40 0 2 2 44 90.91
NVD 1 276 0 1 278 99.28
1A 0 8 0 57 0 65 87.69
BS 0 2 0 0 24 26 92.31
Total 23 50 276 59 29 437
PA 95.65 80.00 100 96.61 82.76
OA 95.88%
Kappa 0.93

Table 5. 5 The distance (m) between site locations predicted by SVM algorithm and sites locations mapped by
Huffman (2009b, 2011)

60 and
Distance (m) 0 10 20 30 40 50 above
VD 19.35 19.35 16.13 6.45 6.45 3.23 29.03
NVD 61.94 34.84 1.61 0.65 0.32 0.00 0.65

Table 5. 6 Confusion matrix showing overall classification accuracy and kappa for discriminating the five land
cover classes; Vitrified Dung (VD), Savannah Woody Vegetation (SWV), Non-Vitrified Dung (NVD), Irrigated
Agriculture (1A) and Bare Soil (BS) using RF

VD SWV NVD 1A BS Total UA
VD 17 0 0 0 0 17 100
SWvV 0 44 0 2 0 46 95.65
NVD 0 0 15 0 0 15 100
1A 0 0 57 0 62 91.94
BS 0 1 0 0 29 30 96.67
Total 17 50 15 59 29 170
PA 100 88.00 100 96.61 100
OA 95.29%
Kappa 0.93
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Table 5. 7 Confusion matrix showing user's and producers accuracy for sites identified by Huffman (2009b, 2011)
on an image classified using RF classifier

VD SWV NVD 1A BS Total UA
VD 21 0 0 0 0 21 100
SWV 0 44 0 2 0 46 95.65
NVD 2 276 0 0 278 99.28
1A 0 5 0 57 0 62 91.94
BS 0 1 0 0 29 30 96.67
Total 23 50 276 59 29 437
PA 91.30 88.00 100 96.61 100
OA 97.71%
Kappa 0.96

Table 5. 8 The distance (m) between site locations predicted by RF algorithm and site locations mapped by
Huffman (2009b, 2011).

60 and
Distance (m) 0 10 20 30 40 50 above
VD 19.35 22.58 9.68 12.90 6.45 3.23 25.81
NVD 29.03 55.81 7.10 1.61 2.26 0.32 3.87

Table 5. 9 Cross-tabulation of a number of correctly classified and misclassified pixels for both SVM and RF.

Random forest

Support vector

machine correct classified misclassified Total
correct classified 165 0 165
misclassified 0 5 5
Total 165 5 170
Z-value 0

5.5 Discussion

The main aim of this study was to test the possibility of prospecting for archaeological sites
previously occupied by farming communities using VHR satellite images, a method which is
significantly cheaper and less labour intensive than traditional field surveys. This was done
through the use of VHR WorldView-2 satellite imagery and RF and SVM advanced

classification algorithms. All the archaeological sites which had been identified during the field
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survey were correctly predicted by the model, confirming the ability of satellite sensors to
detect both vitrified dung and non-vitrified dung sites. These include sites mapped by another
researcher (Huffman 2009b, 2011). This is a significant development because the use of remote
sensing for archaeological survey in the SLCA region will help in developing a timely and
systematic approach to documenting its archaeological sites at low cost. Moreover, it will
provide the much-needed synoptic view of settlement patterns in a broader regional context,
beyond the setting of the Mapungubwe cultural landscape.

The importance of each WorldView-2 band in discriminating between vitrified dung, non-
vitrified dung and other LULC classes was assessed using the randomForest algorithm.
Different WorldView-2 bands contributed differently to the detection of both vitrified dung
and non-vitrified dung sites. This might have been caused by the differences in the physical
and chemical makeup of the two sites (Rossel et al. 2006). Bands within the visible spectrum
were the most important bands in detecting archaeological sites with vitrified dung (Figure 5.
4). This might have been influenced by the whitish colour of the vitrified dung which makes it
appear brighter than its surroundings (Rossel et al. 2006; Todd et al. 1998). The red band and
NIR1, which have the ability to discriminate different soil types (DigitalGlobe 2010), were
important in distinguishing non-vitrified sites from vitrified sites, which has not been the
case when using aerial photographs (Denbow 1979). This is a remarkable achievement
because it will give researchers an idea on the types of sites, their distribution and
relationship to their surroundings before engaging in fieldwork. It also extends the types of
characteristics that can be used to identify archaeological sites in SLCA to those beyond the
visible spectrum. The importance of the new yellow band in detecting both vitrified and non-
vitrified dung sites confirms its sensitivity to soil types as observed in other studies (Alexakis
et al. 2016; Wolf 2012). Above all, the ability of WorldView-2 multispectral bands to
discriminate between different types of soil makes it a viable tool for detecting archaeological
sites characterised by surface features, where the use of ecological indicators is not possible or
desirable. This includes the current study area where the grass species Cenchrus cilliaris
identified by Denbow (1979) as an ecological indicator for archaeological sites characterised
by vitrified dung deposits in eastern Botswana, is too widely spread (Gotze et al. 2008;

Mothulatshipi 2008) to be used for archaeological sites prospection.

High classification accuracies were achieved using SVM and RF machine learning algorithms
to map archaeological sites in SLCA. This is also supported by other research (Akar and
Glngor 2013; Na et al. 2010; Rodriguez-Galiano et al. 2012a; Ustuner et al. 2015) where
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machine-learning algorithms outperformed other traditional classifiers such as maximum
likelihood in land cover classifications and achieved very high mapping accuracies. This is
because machine-learning algorithms are powerful non-parametric algorithms which have the
ability to handle high-dimensional and complex data more accurately than parametric
algorithms (Knorn et al. 2009; Mas and Flores 2008; Na et al. 2010; Wang et al. 2016). A
comparative analysis of the results obtained by RF and SVM classifiers shows that they both
have an outstanding ability to discriminate archaeological sites against other LULC classes. In
fact RF achieved 95.29% overall accuracy while SVM achieved 88.62%. Mcnemar’s test of
significance done on the prediction accuracies of the two classifiers has indicated that the
differences in their predictions are statistically insignificant. This is in line with other studies
(Abdel-Rahman et al. 2014; Ghosh et al. 2014) where no significant difference in mapping
accuracies of the two above-mentioned classifiers was observed. However, there were some
differences in the producers and users accuracies achieved by both classifiers in predicting the
vitrified dung and the non-vitrified dung deposits with random forest showing better
performances. SVM achieved 89.47% and 92.86% user’s accuracies while random forest
achieved 100% user’s accuracy for both vitrified dung and non-vitrified dung respectively.
Random forest achieved 100% producer’s accuracies while SVM achieved 95.65% and 100%
for vitrified dung and non-vitrified dung, respectively. Visual inspection of the images proves
that both algorithms have different strengths, which can be of great use at different scales of
archaeological survey. The RF classifier has a better ability to handle areas where there is an
erosion of material. This makes it a good predictor of possible site locations as it will likely
pick areas with high concentrations of dung and leave out those with thin layers of eroded dung
(Figure 5. 5 and 5. 6). This will help in planning and directing field-walking survey, which is
expensive and in most cases biased to hotspot areas. However, when mapping site extent the
SVM classifier becomes handy because it can pick areas covered with thin layers of both
vitrified and non-vitrified dung even though it mostly misclassified areas covered with bare
soil as non-vitrified dung sites. This is in agreement with other studies (Burai et al. 2015) where
SVM misclassified pixels generally belonging to the same vegetation category. As a result, the
uses of the aforementioned algorithms is recommended in combination since they complement
each (Ghosh et al. 2014; Pelletier et al. 2016).
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Figure 5. 6 A plan of site AA 14B drawn by Huffman (2004) overlaid on both random (a) forest and SVM (b)

classified images
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Figure 5. 7 A plan of site AD4 drawn by Calabrese (1997) overlaid on both RF (a) and SVM (b) classified images.
Dark circles represent possible midden areas, solid lines represent stone walls while circular features with lines

across represent kraals

There were some challenges to this study. Vitrified dung had similar spectral characteristics to
river sand. This may be due to their similar whitish colour (Rossel et al. 2006). This similarity
made it difficult for the classifiers to differentiate between the two aforementioned features.
The other challenge is posed by erosion, which is rampant in the study area. Erosion can lead
to disappearing of archaeological sites either because they are buried deep under soil deposits,
or washed away and deposited on a different location where they might be detected as sites
while in actual fact they are not. Object-based classification is recommended as an attempt to
curb this limitation because of its ability to discriminate against different land cover classes
using their spectral properties, texture, and shape (Whiteside et al. 2011).

Overall, high prediction accuracies attained in this study show the potential of using very high-
resolution satellite images in conjunction with advanced classification algorithms to map
surface archaeological features with distinct spectral signatures. Although dung deposits
mainly characterise farming communities sites in Africa and India, the prediction techniques
are applicable to a number of archaeological features such as middens, house floors, hearths
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and other past anthropogenic activity areas that have a distinct chemical signature from their
surroundings due to the presence of elements such as iron oxides and phosphates (Hejcman et
al. 2011; Huffman et al. 2013; Luzzadder-Beach et al. 2011; Middleton 2004; Oonk et al. 2009;
Wilson et al. 2009). Iron oxides and phosphates in the soil are sensitive to wavelengths between
0.4-1um (Rossel and Behrens 2010) and 0.225-2.550 um (Bogrekci and Lee 2005b),
respectively. In this research, spectral bands in the visible and NIR regions have emerged as
the most important in discriminating between archaeological features and surrounding soils.
This spectral range is present in most satellite sensors, including non-commercial ones and can
be exploited for archaeological site prediction. Spatial resolution remains a critical factor in the
identification of archaeological features. The minimum size of features that can be undoubtedly
mapped using satellite images needs to be one-half the diameter of the smallest object of
interest (Cowen et al. 1995; Myint et al. 2011). For example, in order to identify a roundhouse
or a midden that is 4 m wide, the minimum spatial resolution of high-quality imagery would
be 2 by 2 m. In addition to this, in a real-world situation, a 4 m wide object to be identified in
an image is unlikely to be perfectly contained by 4 pixels of a 2x2 m. resolution. As such, pixel
sizes that are remarkable smaller than an object to identify are needed (Cowen et al. 1995;
Myint et al. 2011). Imagery such as Sentinel and Landsat, which has the necessary spectral
resolution, may not be able to detect a number of archaeological features of small sizes
(furnaces, grain bins, small dwellings) due to their spatial resolutions that range between 10m
and 60m (in the visible and IR bands).

5.6 Conclusion

Whilst most of the remote sensing based prospection for archaeological sites has been based
so far on the use of image enhancement and vegetation indexes to detect archaeological sites
or their proxy indicators, this study has demonstrated that advanced classification can assist the
direct detection of archaeological features, provided they are not obscured by dense vegetation
and possess characteristic properties distinct from those of their surroundings. This study has
demonstrated that very high spatial resolution satellite images can be used to detect surface
archaeological features directly. In general, this study has also proven that the contribution of
new bands in WorldView-2 is of less importance in discriminating against sites characterised
by byres. Very high classification accuracies achieved by advanced classification algorithms
using limited training datasets in this study demonstrates the suitability of using them for

archaeological applications.
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Following this pilot study, which used very high-resolution images from a commercial satellite,
there is a need to assess the possibility of using high-resolution images from non-commercial
(and therefore free of charge) satellites which could be more accessible to archaeologists. Most
importantly, even though the study was piloted in the Shashi-Limpopo Confluence area, the
method can be applied elsewhere in the world to carry out systematic, cost-effective and

repetitive surveys of surface features over large areas and in restricted and inaccessible regions.
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CHAPTER SIX

6. Evaluating the performance of geographic object-based image
analysis in mapping archaeological landscape previously occupied by

farming communities: A case of Shashi-Limpopo Confluence Area

This chapter is based on:

Thabeng, O. L., Adam, E. and Merlo, S., (In Preparation). “Evaluating the performance of
geographic object-based image analysis in mapping archaeological landscape previously

occupied by farming communities: A case of Shashi-Limpopo Confluence Area.”
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Abstract

The application of pixel-based remote sensing techniques in archaeology is usually limited by
spectral confusion between archaeological material and the surrounding environment because
of their reliance on the spectral contrast between features. The aforementioned limitation is
most common in areas where archaeological features were constructed using the same material
from their surroundings or archaeological material have been eroded to other areas. To address
this issue, we investigated the possibility of using the geographic object-based image analysis
(GEOBIA) to predict archaeological and non-archaeological features. The chosen study area
was previously occupied by farming communities and is characterised by natural soils (non-
sites), vitrified dung, non-vitrified dung and savannah woody vegetation. The study used three
stage GEOBIA that comprises of (1) image object segmentation, (2) feature selection, and (3)
object classification. The spectral mean of each band and area extent of an object were selected
as input variables for object classifications in support vector machines (SVM) and random
forest (RF) classifiers. The results of this study have shown that GEOBIA approaches have the
potential to map archaeological landscapes. The SVM and RF classifiers achieved high
classification accuracies of 96.58% and 94.87%, respectively. Visual inspection of the
classified images has demonstrated the importance of the aforementioned models in mapping
archaeological and non-archaeological features because of their ability to manage the spectral
confusion between non-sites and vitrified dung sites. In summary, the results have
demonstrated that the robust ability of the GEOBIA to integrate spatial attributes into the
classification model improves the chances of separating materials with limited spectral

contrast.

Keywords: Advanced classification algorithms, Vitrified dung, Non-vitrified dung, Remote

sensing, Image segmentation, Very high spatial resolution
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6.1 Introduction

Heritage sites are important to understanding human social development because they give an
account of the past civilisations, cultures and their evolution to the contemporary (Hassani
2015; Keitumetse 2011). However, heritage sites are faced with dangers posed by both
anthropogenic and natural threats such as mining activities, urban development, looting,
flooding, erosion and fires (Casana and Laugier 2017; Chirikure 2013; Durand et al. 2010;
Khandlhela and May 2006; Lanza 2003; Lasaponara et al. 2016a; Musyoki et al. 2016;
Nienaber et al. 2008; Parcak 2015; Smith 2012). In addition to this, heritage management
institutions in most developing countries are also faced with a number of challenges, which
includes among others a lack of funds often leading to inadequate surveying, documentation
and monitoring of heritage sites (Chirikure 2013; Mabulla 2001; Mcintosh 1993). Site
surveying, documentation and monitoring in some parts of the world are also hampered by
their inaccessibility due to a range of factors including dangerous wild animals and dense
vegetation, conflicts and property rights (Biagetti et al. 2017; Casana and Laugier 2017;
Mabulla 2001; Thabeng et al. 2019). Hence, there is a need to develop a system which can
enable cost-effective documentation and rapid monitoring of the status of archaeological sites
in order to enable effective preservation and management (Lasaponara et al. 2007; Parcak
2007).

The documentation of archaeological features has traditionally been done through fieldwalking
surveys (Fleisher and LaViolette 1999; Hitchner 1995; Huffman 2009b, 2011; Mclintosh and
Mclntosh 1993). Fieldwalking survey offers the surveyor an opportunity to identify, appreciate
and record finer details of different types of archaeological sites on the ground (Foard 1977;
Reid and Segobye 2000). Although fieldwalking surveys offer detailed contextual records of
archaeological materials on the ground and can be done in a comprehensive, systematic
fashion, they are time-consuming, costly and can be difficult to carry out over large areas
(Banning et al. 2006; Corrie 2011; Hitchings et al. 2013). More recently, with the advent of
high-resolution multi-spectral satellites, remote sensing has offered a relatively cheap, fast,
systematic and reproducible method of survey, which can be used to document and monitor
archaeological sites over large and/or inaccessible areas within a short period (Keay et al. 2014;
Lasaponara et al. 2014; Lasaponara and Masini 2005). However, there are challenges arising
from the use of high-resolution multi-spectral satellite data which includes within class spectral

variability and increased spectral confusion between classes (Blaschke et al. 2014; Pu et al.
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2011; Wu 2009). Additionally, the use of remote sensing needs specialised expertise which is
more expensive to acquire as compared to training required for surveyors employed in field

walking surveys (Davis and Douglass 2020; Klehm and Gokee 2020).

Remote sensing in archaeology commonly exploits the spectral contrast between areas of
archaeological interest and their surroundings (Beck 2007; Corrie 2011). This is largely
because past anthropogenic activities have localised impact on the soil’s physical and chemical
properties, thus making it different from its surroundings (Oonk et al. 2009; Wilson et al. 2008).
A key requirement in remote sensing image analysis is the decision on the basic unit of
classification, which can either be an image pixel or an image object (Li et al. 2016; Toure et
al. 2018; Witharana and Lynch 2016; Zhang et al. 2017). Image pixel is the smallest discrete
area within a two-dimensional array of cells that forms an image (Lillesand et al. 2008). The
image object is created by grouping spatially connected pixels with homogeneous properties
using segmentation analysis (Belgiu and Dragut 2014; Li et al. 2016; Myint et al. 2011).

Different pixel-based image classification approaches have been tested in archaeological
applications using imagery captured by hyperspectral and multispectral sensors (Agdus et al.
2012; Cavalli et al. 2007; Doneus et al. 2014; Lasaponara and Masini 2006; Thabeng et al.
2019). Image enhancement techniques have been mainly employed to increase the prominence
and identification of archaeological features in an image (Lasaponara and Masini 2006; Pan et
al. 2017). For example, the principal component analysis was used to enhance spectral
differences of cropmarks associated with archaeological sites in southern Scotland, improving
the visibility and identification of archaeological features in the landscape (Aqgdus et al. 2012).
Bennett et al. (2012) used normalised vegetation indices to identify archaeological sites in the
grasslands of Salisbury Plain, Wiltshire. On the other hand, some researchers used
unsupervised pixel based classifiers to assess the possibility of spectrally separating
archaeological features from their surroundings and identifying unknown classes (Clark et al.
1998; Harrower and D’Andrea 2014; Lasaponara et al. 2014; Parcak 2007). Criminale et al.
(2009) used ISODATA unsupervised classifier to identify palaeoriverbeds which cut through
the ditches of the Neolithic village of Schifata in northern Italy. The main challenge of using
unsupervised classifiers is that an analyst does not develop reference data classes to be used in
training the classification model (Yang and Yang 2004). As a result, the classifiers produce
meaningless classes of data which can be challenging to merge into meaningful classes (Lu
and Weng 2007). Supervised pixel based classifiers have been used to predict areas of
archaeological interest (De Laet et al. 2007; Siart et al. 2008; Thabeng et al. 2019).
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The pixel-based methods have produced high classification accuracies in detecting most of the
archaeological sites. However, some limitations associated with the pixel-based method in
archaeological applications have been reported by some recent studies (Thabeng et al. 2019;
Verhagen and Dragut 2012). Pixel-based classifiers cannot handle the within-class spectral
variability (Blaschke et al. 2014). Above all, the main problem with the application of the
aforementioned classification methods is that they assume pixel as the spatial unit of analysis
and depends solely on its spectral properties for classification (Myint et al. 2011). This becomes
problematic in archaeological sites and environments characterised by features with variance
in material composition and spatial attributes but having similar spectral signatures (Blaschke
et al. 2014; Whiteside et al. 2011). For example, despite the difference in their spatial attributes,
Thabeng et al. (2019) found out that there is no spectral difference between vitrified dung
deposits and non-sites. The confusion between the two features might be because of their
similar whitish colour or the washing down of dung deposits into the river by water erosion
which is rampant in the area. As a result, this calls for the classification process which will
incorporate spatial attributes of the aforementioned features such as size and texture, in addition

to spectral properties, in order to improve the accuracy.

The geographic object-based image analysis (GEOBIA) has been used to differentiate features
with similar spectral characteristics and different spatial attributes, contextual and texture
(Blaschke and Strobl 2001; Hu et al. 2013; Myint et al. 2011; Whiteside et al. 2011).
Furthermore, GEOBIA attained higher classification accuracies in high spatial resolution
images when compared to pixel-based classifications which are prone to salt and paper effect
(Ouyang et al. 2011; Weih and Riggan 2010). Research has also shown that GEOBIA is
superior to pixel-based classifications especially in complex environments (Pu et al. 2011;
Whiteside et al. 2011). For example, Myint et al. (2011) proved that GEOBIA outclassed pixel-
based analysis when mapping the central part of the city of Phoenix in Arizona, which was
characterised by spectrally similar feature classes such as buildings, unmanaged soils and

impervious surfaces (roads and pavements).

In their study, object-based classifier outperformed pixel-based maximum likelihood classifier
by 22.8% as they achieved an overall accuracy of 90.40% and 67.60% respectively.
Furthermore, GEOBIA has been used for classification in a number of land use and land cover
studies, which include mapping croplands (Li et al. 2016, 2015a; Vogels et al. 2017) and
biomass in the Atlantic forest biome characterised by eucalyptus, pinus, rupestrian fields, shrub

savannas, grassland and in semi-deciduous forest (Silveira et al. 2019) where it achieved

152



excellent results. Lately, object-based classification has been used to delineate landforms for
the prediction of archaeological sites (Verhagen and Dragut 2012) and the detection of looting
activities (Van Ess et al. 2006). Conversely, this method has not been tested in discriminating
between surface archaeological deposits of vitrified dung, non-vitrified dung and non-sites
(natural soils), which are the major characteristic features of archaeological sites previously
occupied by farming communities in the south central part of southern Africa. Furthermore,
the aforementioned features (midden, vitrified dung and non-vitrified dung) form the central
part of farming communities settlements and therefore are important for understanding their
intra and inter settlement patterns (Huffman 2000, 2009a; Meyer 2000).

However, mapping features using GEOBIA requires an image with high spatial resolution to
reveal the spatial and contextual properties of individual features (Blaschke 2010; Myint et al.
2011; Toure et al. 2018). Myint et al. (2011) posit that for the object to be effectively delineated,
it must be at least twice the size of the spatial resolution of the image or more. Additionally,
Thabeng et al (2019) report that an archaeological feature has to be at least 4m in diameter for
it to be clearly discriminated when using Worldview-2 images. This, therefore, means that very
high-resolution satellite images such as WorldView-2 and GeoEye has spatial accuracy to
capture the spatial and contextual attributes of byres in the study area because they range
between 3m and 18m in diameter (Huffman, pers comm., 2018). Hence, the objective of this
study is to investigate whether the use of GEOBIA based on advanced classification
algorithms, random forest and support vector machines, can accurately discriminate between
the archaeological deposits and non-archaeological deposits in the Shashi-Limpopo

Confluence Area (SLCA) using a high-resolution WorldView-2 satellite image.

6.2 Materials and methods

6.2.1 The study area and archaeological context

This study was carried out in the Mapungubwe Cultural Landscape, which is located at the
confluence of Shashi and Limpopo rivers in southern Africa (Figure 6. 1). The landscape is
listed under UNESCO World Heritage and is believed to have been occupied by one of the
earliest complex societies in Southern Africa (Huffman 2009a). Mapungubwe cultural
landscape has been inundated with archaeological research since the early 1930s with the
discovery of the golden rhinoceros on the Mapungubwe hill (Huffman and Du Piesanie 2011;

Meyer 2000). These include one of the most extended systematic field walking surveys in the
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Mapungubwe landscape under the 'Origins of Mapungubwe Project’ spanning more than two
decades and discovering over 1100 farming community sites in the process (Huffman and Du
Piesanie 2011). Research has also revealed a lot of the archaeological materials that formed
an integral part of everyday life and social patterns within the settlement. These include
artefacts such as glass beads, bangles, ceramic figurines and pots together with features such
as middens and byres (Hanisch 1980; Huffman 2009b, 2011; Huffman et al. 2004). The byres
are likely to show the centre of the settlement. This is because research has shown that the
societies which occupied the Mapungubwe landscape practised the Central Cattle Pattern
(CCP) settlement system, whereby an animal byre (kraal) was located at the centre of the
settlement, close to the male gathering area (Hanisch 2002; Huffman 2009a). The byres can be
further divided into vitrified and non-vitrified deposits (Huffman et al. 2013; Meyer 2000).
Non-vitrified dung deposits consist of unburned dung (Huffman et al. 2013). Vitrified dung is
a glassy biomass slag formed by burning thick dung deposits at very high temperatures (in the
region of 1100° C) (Peter 2001; Thy et al. 1995). However, there is no consensus on the cause
of the above-mentioned burning — some researchers (Huffman et al. 2013; Peter 2001)
attributing it to intentional causes while others posit that it was accidental occurrences such as
veld fires or lightning at very high temperatures (Thy et al. 1995). This study, therefore, will
assess the feasibility of using GEOBIA to detect archaeological sites characterised by vitrified
dung and non-vitrified dung within the SLCA. Although Cenchrus cilliaris has been previously
used as an indicator of the aforementioned sites in central eastern Botswana by Denbow (1979),
it is not a diagnostic feature of the sites in SLCA, as such, this study targeted barren dung

deposits directly.
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Figure 6. 1 Location of the study area in southern Africa with a true colour WorldView-2 image used in this study

6.2.2 Worldview-2

Two cloud-free WorldView-2 images captured on August 5, 2014, covering 1388 km? of the
study area, at spatial resolutions of 0.5 m for the panchromatic band and 2 m for multispectral
bands was used in this study. This is the best period to identify the surface archaeological
features because the savannah canopy is very dry and open with most of the archaeological
dung deposits exposed during that period (Southern hemisphere spring season). The images
were obtained as a grant from Digital Globe and were geometrically corrected on supply.
WorldView-2 satellite collects images in one panchromatic (450-800nm) and eight
multispectral bands at 400-450 nm (B1-coastal), 450-510 nm (B2-blue), 510-581 nm (B3-
green), 585-625 nm (B4-yellow), 630—-690 nm (B5-red), 705-745 nm (B6-red edge), 770-895
nm (B7-near infrared-1), and 860-1040 nm (B8-near-infrared-2). Nonetheless, the
panchromatic band was excluded from analysis in this study. The radiometric corrections were
done on each image using Fast Line-of-Sight Atmospheric Analysis of Hypercubes (FLAASH)
in Envi 4.8, before merging the images. FLAASH has the ability to correct atmospheric effects
on the image and give radiance values leading to the recovery of accurate reflectance spectra
(Matthew et al. 2002).
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6.2.3 Segmentation and feature selection

Image segmentation create the objects, which are the basic spatial unit of analysis in GEOBIA
(Whiteside et al. 2011). The created objects relate to natural spatial units, therefore, they should
form a more meaningful spatial unit for land cover mapping (Costa et al. 2017; Pu et al. 2011).
Additionally, the quality of demarcation of target objects has a direct impact on the prediction
accuracy of the classes in an image (Whiteside et al. 2011). Multi-resolution segmentation
(MRS) algorithm in 64-bit Ecognition developer v.9 software, was used in this study. This is
the most regularly used segmentation technique (Belgiu and Csillik 2018) and researchers
(Aguilar et al. 2017; Li et al. 2016; Witharana and Civco 2014) have held it as one of the best
segmentation methods in GEOBIA. MRS employs a bottom-up region method whereby a pixel
is identified as a single object before being paired with other spatially adjacent objects to form
bigger objects depending mainly on the defined scale heterogeneity level (Li et al. 2016;
Mathieu et al. 2007). The object pairing is based on the pairwise clustering procedure (Van
Coillie et al. 2007). The MRS allows the user to regulate the level of homogeneity within the

objects by setting the scale, shape and colour parameters (Luo et al. 2015).

The scale parameter plays a major role in influencing the quality of segmentation process
because it determines the size of the object which can, in turn, lead to under-segmentation or
over-segmentation error (Myint et al. 2011). The large values for scale parameter allow for the
creation of large objects and more heterogeneity within the objects while small values for scale
creates small homogeneous objects. The impact of segmentation scale on class distinction was
investigated at 10 different scales (10, 20, 30, 40, 50, 60, 70, 80, 90, and 100) in this study.
After finding the suitable scale factor, the shape and colour parameters were adjusted to
improve the features of output image objects (Mathieu et al. 2007; Pu et al. 2011). The shape
is based on the geometric characteristics of the archaeological and non-archaeological features.
The shape of an object is influenced by two inversely proportional properties, which are
smoothness and compactness (Esch et al. 2008; Platt and Rapoza 2008). The colour parameter
deals with spectral heterogeneity of archaeological and non-archaeological features, as a result,
it is affected by the weight assigned to each band in segmentation (Li et al. 2016; Mathieu et
al. 2007). However, the weight value of each band was left at one, which is the default, in
order to avoid the biases in the classification. The combined weighted values of shape and
colour parameters add up to a total of one (Li et al. 2016; Platt and Rapoza 2008). Studies by
Costa et al. (2017) and Mathieu et al. (2007) have shown that in most cases desired results are

achieved when the shape is given less weight than colour. As a result, in tuning the parameters

156



for segmentation in this study, the shape parameter was always given less value than colour in
order to give more weight to spectrally homogenous pixels when segmenting. To identify the
optimum image segments using the abovementioned parameters, studies have used trial and
error method by varying their values (Ahmed et al. 2017; Hu et al. 2013; Mathieu et al. 2007;
Vogels et al. 2017; Zhang et al. 2017). The image segmentation procedure is, therefore,
pondered done when the objects produced visually matched the real-world features of interest
when using the aforementioned optimisation method. Consequently, in order to identify the
optimum segments in this study, the trial and error method assessed through visual inspection
was used to regulate the scale, shape and colour parameters in segmentation. The scale
parameter of 50 and the shape parameter of 0.2 were chosen as the optimum segmentation

parameters in this study.

After image object segmentation, the variable selection was carried out for use in object-based
classification. Variable feature selection procedure identifies a subset of optimum object
features which will produce the best results in the classification process (Blaschke et al. 2014;
Guan et al. 2013). The classification process can comprise a number of object feature properties
ranging from context, size, spectral data, shape, and texture (Blaschke et al. 2014; Whiteside
et al. 2011). The feature selection process can be carried out in two ways by either using
software algorithms or manual process based on literature review and expert knowledge (Guan
et al. 2013; Hu et al. 2013; Puissant et al. 2014; Witharana and Lynch 2016). In this study, a
number of object characteristics were manually assessed based on literature review and expert
knowledge in an attempt to identify the best subset of features for classification (Duro et al.
2012; Witharana and Lynch 2016). All the object features used as input variables in this study
are listed in Table 6. 1. Image objects were spectrally differentiated using the mean spectral
value of each band computed at the object level. To differentiate image objects with
information extracted from their geometric features, the area extent of the image objects was
used. Area extent of an object is measured by counting the number of pixels within it. This was
done to differentiate objects of different sizes with similar spectral properties such as river sand
and vitrified dung sites (Thabeng et al. 2019). Other various object characteristics and
parameter settings such as shape, texture and class-related features were explored but did not

produce suitable outcomes.
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Table 6. 1 image object features used in this study

Type Tested feature  Number of  Description
features
Spectral mean 8 Mean reflectance of each band for an object
Geometry Area 1 Area of an object (Pixel)
extent

6.2.4 Image Classification
6.2.4.1 Random forest

RF classifier was used to map the archaeological sites and other LULC cover types using the
classes created on the segments. Since its inception by Breiman (2001), RF has been effectively
used in a number of domains like pharmacology (Fernandez-Blanco et al. 2013; West et al.
2010), medical imaging (Gray et al. 2013; Lebedev et al. 2014; Tustison et al. 2015) and
genetics (Boulesteix et al. 2012; Diaz-Uriarte 2007; Strobl et al. 2007) because of its intrinsic
ability to measure variable importance and its robust predictive power. Furthermore, and over
the last decade, RF has increasingly been used in different remote sensing applications such as
vegetation species mapping (Adam et al. 2012; Immitzer et al. 2012; Mureriwa et al. 2016),
agriculture (Sirsat et al. 2017; Tatsumi et al. 2015) and archaeology (Thabeng et al. 2019).

RF is pronounced as an ensemble of classifiers which generates binary decision trees and
allocates class basing on popular votes at each node (Chan and Paelinckx 2008). RF grows
each tree using a different bootstrapped sample drawn from the training data, with about one-
third of the training data not being included in building each tree (Breiman 2001; Breiman and
Cutler 2007). The left-out sample is commonly known as the out-of-bag (OOB), is then used
to assess the importance of each variable in classification and generalisation error (Breiman
and Cutler 2007; Genuer et al. 2010). RF classification was done using the randomForest
package within the R statistical environment (Belgiu and Dragut 2016). Training the RF
classifier encompasses optimising two parameters: (1) number of variables used in a dataset to
split trees at each node (Mtry) and (2) the number of trees in the forest (ntree) (Belgiu and
Dragut 2016; Liu et al. 2015). Following the previous studies (Adam et al. 2014; Mureriwa et
al. 2016; Rodriguez-Galiano et al. 2012b), this study used a grid search approach based on the

OOB estimate of error to find the optimal combination of both mtry and ntree parameters. The
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grid search value for mtry was varied from 1 to 9, while the range of the grid search value for
the ntree parameter was varied from 500 to 9500 with an interval of 1000.

6.2.4.2 Support vector machines

SVM is a non-parametric supervised classifier which is gaining wide use in remote sensing
because of its ability to achieve good generalisations even with inadequate training data
(Dalponte et al. 2008; Melgani and Bruzzone 2004; Mountrakis et al. 2011). The SVM model
was initially proposed by Vapnik and Chervonenkis (1971) before it was fully discussed by
Vapnik (1999). In general SVMs are linear classifiers which are composed of hyperplanes that
separate data classes by the largest margin within a high dimensional feature space (Huang et
al. 2002; Kavzoglu and Colkesen 2009). The user chooses the SVM kernel function to be used
for the training process that picks support vectors along the hyperplane surface (Huang and
Wang 2006). Radial basis function (RBF) kernel was chosen for classification in this study.
RBF has been applied to a number of land use and land cover (LULC) classifications where it
achieved high classification accuracies than other SVM kernels and classification algorithms
(Kavzoglu and Colkesen 2009). This is also supported by results from Pal and Mather (2005)
who found out that RBF outperformed other classification algorithms in classifying land cover
data. This might be largely because of its ability to handle non-linear relationships concerning
class labels and attributes which is mostly the case with spatial data (Huang et al. 2002). In this
study, the RBF classification process involved the identification optimal values of
regularisation parameter sigma (C) and the width of the kernel gamma (y) that are suitable for
discriminating archaeological and non-archaeological classes (Hsu et al. 2003; Huang et al.
2002; Kavzoglu and Colkesen 2009). The optimization for the best combination of y and C
parameter values was performed using a 10-fold cross-validation and grid search. The grid
search method tests different pairs of cost and gamma parameters and the one with the lowest
cross-validation error is selected (Huang et al. 2008b; Lin et al. 2011). The optimisation of
RBF parameters and classification were using €1071 and caret libraries of R statistical

packages, respectively.

6.2.4.3 Reference data and accuracy assessment

Following a first visit to the confluence area in September 2015 with an archaeological expert
who provided vital information on site locations and characteristics, fieldwork data collection
was conducted in September 2016 with the purpose of acquiring ground reference points to

classify the WorldView-2 image. Even though data collection was completed three years after
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the image was captured, this will not have an effect on the classification results because the
structure and chemical composition of the study material does not change within such a short
period (Huffman et al., 2013). The period chosen for data collection also coincides with the
spring season, which is the time when the image was acquired. The two visits revealed that the
land is normally bare in the study area during the spring season, exposing surface
archaeological remains. Moreover, most of the area chosen falls within a national park and
world heritage site and a private game reserve. Changes in land use are minimal since the areas
are protected against changes by legislation. The visits, therefore, confirmed that LULC
changes did not occur and cannot have significant effects on the prediction model.

A purposive sampling method was used during the fieldwork data collection by visiting sites,
which appear in the literature and have been dated to the period of interest. A global positioning
system device (GPS) was used to navigate to these sites, whose coordinates were extracted
from the site inventory constructed by Huffman (2009b, 2011). Although a variety of different
remains characterise the farming communities’ period in the Shashi-Limpopo confluence, the
survey targeted only two archaeological classes: vitrified and non-vitrified dung deposits.
Three additional LULC classes including bare land (natural soils), savannah woody vegetation,
and irrigated agriculture (pivot agriculture) were extracted from the WorldView-2 data using
collected ground reference points and were considered as variables during the image
classification process. The natural vegetation in the study area was grouped into a single
savannah woody vegetation class. The commercial farms were grouped into irrigated
agriculture because of their pivot irrigation systems. This broad categorisation of the vegetation
was deemed acceptable for the study that was aimed at distinguishing barren soil
(archaeological and non-archaeological) from the surrounding vegetation classes and not at
mapping different vegetation types in the area. For general LULC, we used our expert
knowledge of the features in the study area to randomly select additional objects for each class
through the visual inspection of a pan-sharpened version of the WV image. In total, 394 objects
were chosen, of which 17 belonged to vitrified dung, 114 non-vitrified dung, 36 irrigated

agriculture, 114 non-sites, and 114 Savannah woody vegetation.

The quality of thematic maps obtained from the RF and SVM classifiers was assessed using a
holdout test dataset that was generated by randomly dividing the ground-referenced data for
the study area into 70% and 30% for training and testing. The divisions mentioned above were
done before classifying the data. This resulted in 117 polygons spread across the entire study

area with different class sizes ranging between 5 and 34 polygons being chosen for validation.
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This is because the polygons are the basic spatial units for the thematic maps created from the
segments. This method was applied because it permits the assessment of the whole
classification process, beginning with the segmentation. Some statistical analysis, which
includes overall accuracy, user’s accuracy and producer’s accuracy, were then performed as a
way of assessing the reliability of the maps generated for a site survey. The layout plans of
archaeological sites drawn by Huffman (2004) and Calabrese (1997) were overlaid on the
matching predicted sites in order to visually assess the accuracy of the above-mentioned
classifiers in detecting site extent together with the distribution of archaeological and non-
archaeological features within a site.

6.3 Results
6.3.1 Image segmentation

The optimum image segments were identified by varying the values for scale, colour and shape
basing on trial and error approach. The results demonstrated that segmentation done using the
scale, shape and colour parameters of 50, 0.2 and 0.8, respectively, produced accurate
boundaries of geographic features (Figure 6. 2). The segmentation process produced 5189584

objects.
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Figure 6. 2 Subsets of Worldview-2 image of the study area: (a) before segmentation, (b) after MRS segmentation
at scale of 52. The greyish patch shown within the image is a non-vitrified dung site.

6.3.2 Tuning RF and SVM parameters

The RF algorithm parameters were optimized in predicting archaeological classes using a grid
search procedure. The results have shown that a combination of the mtry value of 5 and ntree
value of 500 produced the lowest OOB error rate of 0.059 (Figure 6. 3). The highest OOB error
rates (0.072) were produced by combinations of mtry values of 9 and ntree values of 500 and
1500.

162



o
2 ~
o
o
3
9
4 © &
) Q
= o
O A
Q
R 5
T ]
P o]
.
£ 6 ©
3 £
S |5
7 = oy
8
8
o
3
9 S

S00 1500 2S00 3S00 4500 SS00 6500 7S00 8S00 9S00

ntree value

Figure 6. 3 OOB errors of RF parameters (mtry and ntree) optimised using grid search procedure.

The best-input parameters for classification using RBF in SVM were determined using 10-fold
cross-validation and grid search. The optimisation results have demonstrated that the C
(10g10(100)) and y (log, 001 ) are the best-input parameters for in predicting archaeological
classes using RBF in SVM classifier (Figure 6. 4). The combination of the optimal C (100)
and y (0.01) produced the lowest cross validation error of 0.036. The highest cross validation

error (0.8) was attained when C was set to log, 5.1y and y was set to log, 000y See Figure 6. 4.
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Figure 6. 4 Cross validation errors of SVM parameters (C and y) optimised using grid search procedure. The cost
and gamma values were varied between -1000 and 1000.

6.3.3 Image classification and site prediction

GEOBIA done using RF and SVM algorithms were able to classify non-sites, savannah woody
vegetation, irrigated agriculture, vitrified dung and non-vitrified dung. Figure 6. 5 displays the
image outputs of the aforementioned object-based classifications. Non-sites covers large parts
of the study area followed by savannah woody vegetation, while other classes covers very small
portions of the study area. A visual inspection of the predictive maps of RF and SVM shows
that the two aforementioned classifiers have correctly predicted the locations of known
archaeological sites (Figure 6. 5). However, there was a difference on how the two classifiers
predicted the non-sites, savannah woody vegetation, irrigated agriculture, vitrified dung and
non-vitrified dung sites across the study area (Figure 6. 5 and Table 6. 2). Non-sites on a map
predicted by SVM (878 km?) covered a large area when compared to the one predicted by RF
(812.10 km?). On the other hand, the map produced by RF (19.74 km?) shows that non-vitrified
dung covers large parts of the study area than the one on the map produced by SVM (13.28.
km?). The map predicted by RF shows that non-vitrified dung sites are widely spread in the

northern parts of the study area when compared to the one produced by SVM.
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Figure 6. 5 Classification maps obtained using RF (a) and SVM (b) algorithm
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Table 6. 2 Area (km?) and the proportion of the study area covered by different LULC classes as predicted by RF
and SVM classifier.

Class RF SVM
Area (km?) Area proportion (%) Area (km?) Area proportion (%)

NS 812.10 59.20 878.88 64.07

NVD 19.74 1.44 13.28 0.97

1A 3.84 0.28 3.97 0.29

SWV  534.01 38.93 474.05 34.56

VD 2.14 0.16 1.64 0.12

Total 1371.83 1371.83

6.3.4 Accuracy assessment

The accuracy assessment of the two classifiers was done using 195 holdout polygons created
by partitioning reference data into training (70%) and validation (30%). In overall, SVM
classifier achieved high classification accuracies than the RF (Table 6. 3 and Table 6. 4). SVM
achieved an overall classification accuracy of 96.58% and a kappa coefficient of 0.9536 while
the overall accuracy and kappa coefficient achieved by RF were 94.87% and 0.9305,
respectively. With regard to the individual classes, a comparison between the two classifiers
shows that the two classifiers, SVM and RF, achieved similar results for user’s and producer’s
accuracies in most classes (Table 6. 3 and 6. 4). Table 6. 4 Vitrified dung achieved the lowest
producer’s and user’s accuracies of 80% each in both RF and SVM classifiers. Irrigated
agriculture and savannah woody vegetation achieved the highest user’s and producer’s
accuracies of 100% each in both SVM and RF. Differences between the user’s and producer’s
accuracies achieved by the two abovementioned classifiers were noted in the classification of
non-vitrified dung and non-sites classes. Two non-vitrified dung sites were confused with
other classes, one with vitrified dung and the other was confused with non-sites in RF.
However, in SVM classification, the confusion occurred in only one non-vitrified dung site,

which was confused with vitrified dung.
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Table 6. 3 The confusion matrix showing overall accuracy and kappa coefficient for non-sites (NS), non-vitrified
dung (NVD), irrigated agriculture (IA), savannah woody vegetation (SWV) and vitrified dung (VD) using SVM

classifier

NS NVD 1A SWV VD TOTAL  UA (%)
NS 32 0 0 0 0 32 100.00
NVD 2 33 0 0 1 36 91.67
1A 0 10 0 0 10 100.00
SWv 0 0 0 34 0 34 100.00
VD 0 1 0 0 4 5 80.00
TOTAL 34 34 10 34 5 117
PA (%) 94.12 97.06 100.00  100.00  80.00
OA 96.58%
Kappa 0.9536

Table 6. 4 The confusion matrix showing overall accuracy and kappa coefficient for non-sites (NS), non-vitrified
dung (NVD), irrigated agriculture (1A), savannah woody vegetation (SWV) and vitrified dung (VD) using RF

classifier

NS NVD 1A SWv VD TOTAL  UA (%)
NS 31 1 0 0 0 32 96.88
NVD 3 32 0 0 1 36 88.89
1A 10 0 0 10 100.00
SWv 0 0 34 0 34 100.00
VD 0 1 0 0 4 5 80.00
TOTAL 34 34 10 34 5 117
PA (%) 91.18 94.12 100.00 100.00 80.00
OA 94.87%
Kappa 0.9305

The outlines of sites mapped were also used to assess the accuracy of the RF and SVM models

in predicting the vitrified dung and non-vitrified dung deposits. The sites, which are in possible

flat surfaces, are similar to those predicted by the abovementioned models in size Figure 6. 7.

However, the sizes of sites predicted by the RF and SVM models in places which are potentially

vulnerable to erosion are covering large area extent than the plans drawn by both Huffman
(2004) and Calabrese (1997). Generally, the SVM model picked large extents of non-vitrified

dung than RF model in most sites (Figure 6. 6 and Figure 6. 7). Additionally, some of the byres
mapped by Calabrese (1997) were not detected by the SVM and RF models (Figure 6. 7). The
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two abovementioned models also classified other archaeological features such as middens,
grain bin and dagga as non-sites.

A Key
] Dagga [l Vitrified dung I Non-sites
Byre [ | Nonwitrified dung [l Savannah woody vegetation

0
Meters

Figure 6. 6 Plan of site AA 14B overlaid on both RF (a) and SVM (b) classified images. Dagga and byre were
digitised from a site plan drawn by Huffman (2004).
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Figure 6. 7 A plan of site AD4 overlaid on both RF (a) and SVM (b) classified images. Byre, midden, grain bin
and possible hut floor were digitised from a site plan drawn Calabrese (1997).

6.4 Discussion

The prospection and monitoring of archaeological sites using remote sensing techniques based
on the differences in the spectral signatures of archaeological features and their surroundings
is widely becoming a common practice (Biagetti et al. 2017; Lasaponara et al. 2014;
Lasaponara and Masini 2006; Parcak 2007). Even though high classification accuracies have
been achieved, some challenges in relation to subtle spectral differences between
archaeological features and their surroundings have been reported (Corrie 2011; Thabeng et al.
2019). Areas characterised by archaeological features which were constructed using local
materials or are covered with tracts of eroded archaeological material normally share spectral
signatures with archaeological features in their locality (Corrie 2011; De Laet et al. 2007). The
aforementioned challenge becomes a major limitation when using methods such as pixel-based
techniques because they depend solely on spectral signatures to classify remote sensing data
(Beck et al. 2007; De Laet et al. 2007). As a consequence, limiting the prospection and
monitoring of archaeological sites using remote sensing techniques to areas with detectable

spectral differences between archaeological features and non-archaeological features (Beck et

169



al. 2007; De Laet et al. 2007). The solution thus lies in using the classification methods which
can integrate the spatial and spectral data in the classification process (Beck et al. 2007; Myint
et al. 2011; Pu et al. 2011; Whiteside et al. 2011). Hence, the main intention of this study was
to assess the possibility of discriminating non-vitrified dung, vitrified dung and non-sites using
their spatial and spectral data as input variables in GEOBIA models based on advanced
classification algorithms (RF and SVM). Furthermore, the classification outcomes of this study

were assessed using confusion matrices and visual inspection.

Results of this study have shown that GEOBIA based on SVM and RF classifiers have the
ability to differentiate archaeological and non-archaeological features even in the environments
where there are different features with spectral homogeneity. The aforementioned success in
the classification attained using GEOBIA can mainly be credited to its utilisation of spatial
attributes to compensate for spectral homogeneity of various features (Whiteside et al. 2011).
The high spatial resolution of the WorldView-2 images used in this study clearly defined the
area covered by each site, thus facilitating the incorporation of the area extent of the individual
image objects into classification models. The image objects depicting non-sites were generally
larger than those depicting the vitrified dung sites. This enabled the classification models to
discriminate vitrified dung from non-sites especially along the river where there was spectral
confusion (Thabeng et al. 2019). Our findings concur with those of Hu et al. (2013) who
successfully incorporated area as a spatial attribute to differentiate spectrally homogenous but
spatially different features such as rivers and lakes. Despite the findings by the previous studies
(Alexakis et al. 2009), the results of this study prove that GEOBIA based classifications can be
successful in archaeological applications when site spatial characteristics other than shape are
used as input variables in the model. This is because, the outlines of most sites are deformed

by post-depositional processes (Alexakis et al. 2009; De Laet et al. 2007).

The accuracy assessment of the GEOBIA based RF and SVM classifiers have shown that they
both achieved high overall classification accuracies and kappa coefficients. This is consistent
with other studies (Li et al. 2016; Reyes et al. 2017; Vogels et al. 2017; Wabhidin et al. 2015)
which attained high classification accuracies when using GEOBIA based on SVM and RF
classification algorithms to delineate features in complex landscapes. In this study, SVM
outclassed RF in user’s and producer’s accuracies of non-vitrified dung, savannah woody
vegetation, non-sites and irrigated agriculture (Table 6. 3 and Table 6. 4). In general, this was
a great improvement from the results of pixel-based SVM classification done by Thabeng et

al. (2019) where RF was showing better overall performances than SVM. In contrast, the
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performance of RF generally decreased in GEOBIA when compared to that of the pixel-based
approach (Thabeng et al. 2019). Our results for this study support those of Kavzoglu et al.
(2015) who found out that SVM outperforms RF in GEOBIA models.

Furthermore, when overlaid on the layouts of the sites, the results of the RF and SVM models
showed differences in the prediction of the extent of individual archaeological sites (Figure 6.
6 and Figure 6. 7). SVM classifier detected areas possibly covered with thin layers of eroded
materials from non-vitrified dung deposits while RF only picked thick deposits of the
aforementioned material. As a result, the sizes of the sites predicted by the RF and SVM models
are not a true representative of their original extent (Calabrese 1997; Huffman et al. 2004).
However, the aforementioned differences in the accuracies of the RF and SVM models can
complementarily be used to survey for archaeological sites as suggested by Thabeng et al.
(2019). Generally, the visual inspection of the classifications produced by both RF and SVM
models have shown that non-vitrified dung covers large areas and it always surrounds the
deposits of vitrified dung. This supports the findings of Huffman (2013) who posits that not all
dung vitrifies during the vitrification process. Moreover, some of the byres mapped by
Calabrese (1997) were not detected by the models possibly because all of their materials have
been eroded away. This is in line with the findings of Calabrese (1997) who posits that the
majority of the sites are in danger of being extinct because of the erosion which is rampant in
the area. Other archaeological features which the models could not detect include the middens,

possibly because they had been eroded away.

A visual inspection of the classification results also shows that the two maps depict a
moderately accurate representation of the land use land cover classes of interest within the
study area. In general, both classifiers accurately predicted the archaeological sites
characterised by non-vitrified dung and vitrified dung. However, there are differences in the
classification accuracies of the RF and SVM classifiers especially on the prediction of non-
vitrified dung deposits in the northern part of the study area. The non-vitrified dung class
appears to be well represented by the SVM classifier in GEOBIA. For example, SVM depicts
less confusion between non-vitrified dung and non-sites in the northern part of the study area
(Figure 6. 5). The fact that GEOBIA reduces within class spectral heterogeneity by using means
of spectral values of an object in classification might have contributed to the improvement of
SVM classification accuracies in this study. The aforementioned assertion is in agreement with
the findings from Maxwell (2015) that the classification accuracies of SVM improve when

mean spectral values are used in the classification process. Overall, GEOBIA achieved better
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classification accuracies than pixel-based classification when predicting vitrified dung, non-
vitrified dung and non-sites in the SLCA (Thabeng et al. 2019). Our findings are similar to
those of Myint et al. (2011) who found out that GEOBIA performs better than pixel-based
classification. The success of the method presented in this study will help researchers and
heritage managers to expand the use of remote sensing techniques into areas where there are
subtle spectral differences between archaeological features and their surroundings. In addition,
the use of remote sensing will also help the researchers and heritage managers to survey and
monitor archaeological sites over large and inaccessible areas over a short period of time
(Biagetti et al. 2017; Hadjimitsis et al. 2009; Lasaponara et al. 2014; Parcak 2007). We
acknowledge that this study had some limitations which resulted in the confusion between
classes, more especially non-vitrified dung and non-sites in the northern part of the study area.
The aforementioned limitations can be attributed to the inability of the sensor to capture data
in the near-infrared regions, which are sensitive to soil chromophores. A possible solution the
above problem is the fusion of data from high spectral resolution and high spatial resolution

Sensors.
6.5 Conclusion

The outcomes of this study have shown that GEOBIA based on RF and SVM classifiers
accurately discriminates between archaeological and non-archaeological deposits, in the SLCA
area of South Africa. In fact GEOBIA managed the spectral confusion between archaeological
and non-archaeological features such as vitrified dung deposits and non-sites, important for
identifying archaeological sites previously occupied by farming communities, by combining
their spatial and spectral attributes in the classification process. Even though SVM generally
outperformed RF, both classifiers attained high prediction accuracies. This, therefore, means
that both classifiers should be considered as reliable predictors of archaeological sites
characterised by vitrified dung and non-vitrified dung deposits. In summary, this study has
shown that GEOBIA method can be used to map surface archaeological features especially
those with similar spectral characteristics to other objects in their surroundings, which is a

common problem with the use of remote sensing in archaeology.

The mapping of archaeological features which have similar spectral properties with their
surroundings using GEOBIA method will help researchers and heritage managers to expand
archaeological remote sensing survey to areas where it was impossible before. Additionally,
the use of remote sensing applications will help researchers and heritage resources managers

to carry out fast, cheap and systematic regional archaeological site surveys and monitoring
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more especially when taking into account the challenges and risks one has to face when

carrying out foot surveys in certain areas of the world.
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CHAPTER SEVEN

7 Synthesis, General conclusions and recommendations
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7.1 Introduction

Surveying and documenting archaeological sites is one of the major challenges faced by
heritage managers and archaeological researchers, especially in the African continent, where
lack of funding and trained personnel often lead to inadequate survey and research at local and
regional scales (Lavachery et al. 2005; Mabulla 2001; MacEachern 2001; Mcintosh 1993)
(Connah 2008; Mcintosh 1993). However, remote sensing projects exist in the continent but
they are mostly aimed at image enhancement, visualisation and direct digitisation of sites
visible to the naked eye. As a result research in Africa is skewed towards more prominent
archaeological sites, therefore, giving a partial account of the archaeological record in the
continent (Breen 2007; Chirikure et al. 2016; Connah 2008; Huffman 1998, 2007a;
Kankpeyeng and DeCorse 2004; Lavachery et al. 2005; Mitchell and Lane 2013; Mothulatshipi
2008). Moreover, there is high loss of archaeological information across the continent as more
archaeological sites are being destroyed during conflicts, developments and by natural causes.
As a consequence, there is an urgent need to expand survey and investigations to other sites in
order to balance the research and knowledge of archaeological record in the continent, where
the vast majority of the archaeological traces are not monumental nor always well preserved,
as highlighted in chapter 2. This is because unbalanced research can lead to gaps and
misinterpretations of archaeological record, which gives us an account of the past civilisations,
cultures and their evolution to the contemporary. Hence, the need to develop a system which
can enable cost-effective systematic regional survey and documentation of archaeological site
characteristics including those which may be difficult to detect on the ground using field-based

methods.

More recently, remote sensing has offered a relatively cheap, systematic and reproducible
method of survey, which can be used to document, monitor and get a synoptic view of
archaeological settlement patterns at regional scales. Furthermore, it also provides non-
destructive and non-invasive ways of collecting archaeological data which helps to preserve
archaeological heritage sites for future generations. Several studies have shown that different
hyperspectral (finely defined spectral channels) and multispectral (broad spectral channels)
sensors can be used in archaeological applications (Agapiou et al. 2012a; Lasaponara and
Masini 2006; Parcak et al. 2016; Reid 2016). For example, Casana and Laigier (2017) used
multispectral data to monitor the magnitude of damage of archaeological sites in Syria and
northern Iraq during Syrian civil war. The main limitation of using remote sensing data in

archaeological applications is that spectral signatures of archaeological features are local in
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nature. Hence, in addition to optimum environmental conditions, there is a need to investigate

the potential of applying remote sensing techniques in a particular archaeological context and

identify a sensor with an optimum spectral resolution for discriminating against archaeological

features of interest.

The objectives of this research were as follows:

To give a comprehensive overview of historic and current trends on the applications of
remote sensing in African archaeology from a perspective of three themes which are
research publication details, data capturing and processing, and the footprint of remote

sensing applications across the continent.

To discriminate archaeological ash middens, vitrified dung, non-vitrified dung and
natural soils (non-sites) associated with archaeological sited previously occupied by

farming communities using field spectra measurements and chemical characteristics.

To identify the optimum spectral resolution for the identification of archaeological ash
middens, non-vitrified dung and vitrified dung sites using in situ hyperspectral data

resampled to different spectral resolution remote sensing multispectral platforms

To test the performance of pixel-based advanced machine learning classifiers (random
forest and support vector machines) in archaeological applications and the feasibility
of directly detecting archaeological sites characterised by vitrified dung and non-

vitrified dung through the use of high spatial resolution satellite images.

To further investigate the performance of other image classification techniques
especially geographic object-based image analysis based on advance machine learning
classifiers in mapping archaeological sites characterised by vitrified dung and non-

vitrified dung through the use of high spatial resolution satellite images.
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7.2 Summary of findings
A concise summary of the findings for each objective in this study is provided below.
7.2.1 Review the literature on the use of remote sensing in archaeology

Remote sensing offers a cost-effective, systematic and reproducible way of surveying,
documenting and monitoring archaeological heritage sites over restricted areas (Biagetti et al.
2017; Corrie 2011; Parcak 2007). Additionally, remote sensing techniques are non-invasive
and have the ability to gather a lot of data over large areas within a short period. As a result
there has been a wide interest in the applications of remote sensing techniques in archaeology
leading to publications of books (Lasaponara and Masini 2012; Parcak 2009), special issues in
research journals (Lasaponara and Masini 2011; Tapete 2018) and some research articles
(Clark et al. 1998; Corrie 2011; Mondino et al. 2012; Parcak 2007; Reid 2016). This study
conducted a review of the published literature concerning the applications of remote sensing
techniques in archaeological within the African context (Chapter 2). Its objectives were to
establish: i) the remote sensing methods that have been used in archaeological applications
across the continent ii), the distribution of remote sensing in archaeology across the African
continent and, iii) the location of institutions that the lead authors are affiliated to and the

locations of funding institutions.

The findings of this study have shown that archaeological researchers and heritage managers
in the continent have used a wide variety of remote sensing data from groundborne, airborne
and spaceborne sensors for archaeological applications in the continent. The majority of studies
exploited data from the multispectral images from sensors aboard satellite platforms for
archaeological applications, especially in mapping surface archaeological features. On the
other hand, radar satellite images and geophysical survey techniques have been used to map
sub-surface archaeological features. However, the use of remote sensing in the continent is
sporadic and restricted to few archaeological contexts especially those characterised by open
environments, such as deserts and grasslands, which allow easy detection of surface features
with minimal vegetation interference. Hence, the need to expand the use of remote sensing to
a wide variety of archaeological site contexts and regions in the African continent in order to

enhance site survey, documentation and monitoring.
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7.2.2 Spectral discrimination of archaeological ash middens, vitrified dung, non-vitrified
dung and natural soils (non-sites)

Remote sensing is an evolving method of survey in archaeology, which is used to identify
various features based on their spectral contrast with the surrounding environment. However,
the spectral signatures of archaeological features varies depending on their context. Thus, there
is @ number of ongoing researches which are aimed at investigating the possibility of detecting
different archaeological features under various contexts using remote sensing techniques. This
study investigated whether field spectra measurement can discriminate amongst archaeological
sites using soil properties as indicators and identify the important bands for doing so (Chapter
3). To achieve the above-mentioned goal, two approaches of data analysis were used to
discriminate amongst non-sites, middens, vitrified dung and non-vitrified dung sites, in this
study. In the first approach, the difference in the concertation of elements between different
soil types was tested using analysis of variance while random forest and FVS were used to
select important soil elements for the classification of the archaeological sites. In the second
approach, the ability of field spectroscopy reflectance measurements to discriminate among
non-sites, middens, vitrified dung and non-vitrified dung byres was evaluated. The guided
regularised random forest was used to identify important wavelengths for discrimination. The
selected soil elements and wavelengths were then used as input variables in random forest

classifier to discriminate among the above-mentioned soils.

The findings indicate that there is a significant difference in the composition of elements across
non-sites, middens, vitrified and non-vitrified dung. P, Ca, Sr, Mg, Fe, Zn and Co were selected
by FVS based on RF algorithm as the important elements for discriminating the archaeological
sites. The wavelengths with spectral difference deemed important for discriminating between
the aforementioned classes were identified in the vis-near-infrared and short wave infrared
regions of the electromagnetic spectrum. GRRF identified 549 nm, 624nm, 996 nm, 1026nm,
1665nm, 1774nm, 1934nm and 2290nm as important wavelengths for discriminating non-sites,
middens, vitrified and non-vitrified dung. The selected wavelengths are in line with the spectral
regions sensitive to the above-mentioned elements, which showed a significant difference in
their concentration between the archaeological classes of interest in this study (Bogrekci and
Lee 2005b; a; Thomasson et al. 2001). This, therefore, shows that the difference in the chemical
composition of various archaeological materials has an influence in their spectral signatures.
High classification accuracies of 84.62% and 87.62% were achieved when using the selected

optimal chemical elements and spectral bands, respectively, as input variables in RF. The high
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classification accuracies achieved when using field spectroscopy data proves the potential of
remote sensing techniques in detecting and mapping archaeological features with distinct soil
physical and chemical characteristics such as the ones used in this study is present.

7.2.3 The optimum spectral resolution for the identification of archaeological ash
middens, non-vitrified dung and vitrified dung sites using in situ hyperspectral data
resampled to different spectral resolution remote sensing multispectral platforms

The use of remote sensing in archaeology is now widespread and has allowed reaserchers and
heritage managers to monitor the status of archaeological sites (Lasaponara et al. 2014; Parcak
et al. 2016; Van Ess et al. 2006) and improve archaeological records by surveying inaccessible
areas (Biagetti et al. 2017). However, the application of remote sensing in archaeological
contexts depends largely on the spatial and spectral resolution of the sensor used to capture the
dataset (Aqdus et al. 2008; Beck 2007; Lasaponara and Masini 2006). Hence the need to
identify a sensor with abilities to detect archaeological features of interest. This study,
therefore, evaluated the possibility of discriminating non-sites, middens, vitrified and non-
vitrified dung using hyperspectral data resampled to the spectral resolutions of common
satellite sensors (GeoEye, Landsat 8 OLI, RapidEye, Sentinel 2, SPOT 5 and WorldView-2)
and advanced classification algorithms (SVM and RF) (Chapter 4). To identify satellite sensor
with a spectral resolution that is suitable for discriminating middens, vitrified dung and non-
vitrified dung, the importance of each satellite band in the classification process was also
assessed using MDA in the RF model. The results of this study have shown that satellite sensors
with a medium spatial resolution such as Landsat 8 OLI, Sentinel-2 and SPOT 5 possess
spectral bands within the visible and SWIR, which are most suitable for discriminating the
above-mentioned features. The advanced classification algorithms (RF and SVM) achieved
varying classification accuracies for hyperspectral data resampled to the spectral resolutions of
similar sensors. For example, classification accuracies of 92.38% and 81.90% were achieved
when classifying hyperspectral data resampled to the spectral resolution of Sentinel-2 using
SVM and RF classifiers, respectively. RF achieved lower prediction accuracies than SVM in
all prediction models constructed using hyperspectral data resampled to different common
multispectral sensors. Generally, high classification accuracies achieved using hyperspectral
data resampled to the spectral resolutions of different multispectral satellite sensors show their
potential in discriminating non-sites, middens, vitrified and non-vitrified dung. This is in line
with other studies which have demonstrated the potential of multispectral sensors in

archaeological applications (Lasaponara and Masini 2005; Parcak et al. 2016; Reid 2016).
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7.2.4 Satellite remote sensing of archaeological non-vitrified dung and vitrified dung sites
and the performance of pixel-based advanced machine learning classifiers (random forest
and support vector machines) in archaeological applications

The use of remote sensing in archaeology conventionally relied on the use of aerial photographs
because of their high spatial resolution when compared to that of early multispectral satellites
(Lasaponara and Masini 2007). This restricted the application of remote sensing in archaeology
because of the limited spectral abilities of the aerial photographs (Aqdus et al. 2008). However,
the advent of new very high-resolution satellite sensors such as WorldView-2, QuickBird and
Ikonos with the improved spatial and spectral capabilities, and the use of advanced
classification algorithms offer the potential to broaden the use of remote sensing in archaeology
and attain the high accuracies. This study investigated the possibility of detecting surface
archaeological materials using WorldView-2, the importance of the new WorldView-2 bands
in detecting archaeological features and the ability of pixel-based advanced classification
algorithms in predicting the aforementioned sites (Chapter 5). The findings of this study have
demonstrated that WorldView-2 images can be used to detect surface archaeological sites.
However, the new spectral bands in the WorldView-2 were found to be of relatively less
importance in discriminating non-sites, vitrified and non-vitrified dung, when compared to
traditional bands. High classification accuracies achieved for SVM (88.82%) and RF (95.29%)
using holdout test samples proved the ability of advanced classification algorithms to predict
archaeological classes on very high-resolution satellite images. Additionally, validation carried
out using independent dataset also achieved high classification accuracies for RF (97.71%) and
SVM (95.88%). However, even though high classification accuracies were achieved using the
above-mentioned pixel-based classification algorithms, there was spectral confusion between

vitrified dung and river sand.

7.2.5 Improving classification accuracies of vitrified dung, non-vitrified dung and natural
soils (non-sites) using geographic object-based image analysis based on random forest

and support vector machines classifiers.

Feature prediction on the imagery can be done using pixel-based classification methods or
GEOBIA approaches (Myint et al. 2011). Traditionally, the application of remote sensing in
archaeology has been centred on the pixel-based analysis of the spectral contrast between
archaeological materials and their surroundings (Corrie 2011; Wilkinson et al. 2006).
Consequently, spectral confusion between two or more different features has been one of the

major problems in the application of pixel-based remote sensing techniques in archaeology
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(Corrie 2011; Thabeng et al. 2019). This is because the majority of commonly used pixel-based
methods depend on spectral heterogeneity to separate data into different classes. On the other
hand, studies have shown that GEOBIA manages spectral confusion by combining texture,
spectral, contextual and spatial attributes in classification (Pu et al. 2011; Whiteside et al.
2011). In this study, the possibility of improving classification accuracies by combining
spectral and spatial attributes of features is shown (Chapter six). To achieve its objective, this
study used GEOBIA based on advanced classification algorithms (RF and SVM) to group
objects into different classes using a combination of their area extent and spectral properties.
The outcomes of this study have shown that the use of GEOBIA based on RF and SVM
classifiers improved classification accuracies of both vitrified dung and non-vitrified dung
sites. Overall classification accuracies of 94.87% and 96.58% were attained for RF and SVM,
respectively. Even though there was a small decrease on the classification accuracy of RF on
GEOBIA (94.87%) when compared to the one using pixel-based approach (95.29%), visual
inspection of the image proved that both classifiers successfully differentiated vitrified dung
from river sand. Our results support those of Myint (2011) who found out that GEOBIA
performs better than pixel-based classification methods. This, therefore, means that GEOBIA
approaches can be used to predict archaeological sites especially in complex landscapes where

there is a lot of spectral confusion between archaeological features and their surroundings.
7.3 Conclusions

The aim of this project was to investigate the potential of remote sensing techniques in mapping
archaeological features characteristic of farming community sites in the SLCA. The outcomes
of this study have shown that remote sensing techniques can be used to discriminate middens,
vitrified dung, non-vitrified dung and non-sites. The following conclusions can be made based

on the main findings made in line with the objectives of this study:

1. Different studies have explored data from a wide variety of groundborne, airborne and
spaceborne sensors under different archaeological contexts in the African continent and
obtained positive results. The positive results achieved by studies using remote sensing
techniques in African archaeology demonstrate that there is a potential for its
application in African contexts. However, despite the potential for the application of
remote sensing techniques in African archaeology, their use across the continent is
sporadic. The majority of studies which used remote sensing techniques in the
continent, mapped sites in open environments especially tell sites located in the

Egyptian deserts.
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2. There are differences in the chemical and physical properties of middens, vitrified, non-
vitrified dung byres and natural soils, which makes it possible for field spectroscopy to
discriminate among them. Wavelengths within visible-near infrared spectrum and
elements such as P, Ca, Sr, Mg, Fe, Zn and Co can be used to discriminate among
natural soils, middens, vitrified dung and non-vitrified dung byres when used as input
variables in a classification model. This outcome triggered the desire to test the
possibility of detecting different archaeological and non-archaeological sites using

relatively cheap data acquired by lower spectral resolution spaceborne sensors.

3. The field spectrometry data resampled to the spectral resolutions of different
multispectral satellite sensors have demonstrated that they spectral ability to
discriminate non-sites, ash middens, non-vitrified dung and vitrified dung sites using
bands in the visible portion of the electromagnetic spectrum. Additionally, Sentinel-2,
Landsat 8 OLI and SPOT 5 possess spectral bands in SWIR, which are important for
detecting the aforementioned features. As a result, the outcome points to the possibility
of upscaling field measurements to satellite data for mapping and monitoring
archaeological sites characterised by middens, vitrified dung and non-vitrified dung

within their wider landscape.

4. Advanced pixel-based classification algorithms (RF and SVM) achieved high
prediction accuracies when classifying sites characterised by non-sites, vitrified dung,
and non-vitrified dung. The results of this study show that archaeological sites
characterised abovementioned classes can be directly detected through the use of new
high spatial resolution satellite images. Moreover, the study has shown that the new
spectral bands in WorldView-2 are not important in discriminating non-sites, vitrified

dung, and non-vitrified dung.

5. The integration of spectral data and spatial attributes of objects in GEOBIA based on
SVM and RF advanced classification algorithms have the ability to accurately detect
archaeological and non-archaeological materials. Furthermore, the findings of this
study have shown that the spectral confusion between vitrified dung sites and non-sites
observed on pixel-based classification can be removed by integrating area extent of
features as part of input variables into the classification model. As a result, this will
help the archaeologist to expand the use of remote sensing data into the areas where

there is spectral confusion between archaeological sites and non-sites.
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In summary, this study developed a relatively fast, cost-effective model for surveying,
documentation, and monitoring of archaeological sites over large and inaccessible areas. The
model will help researchers and heritage managers, especially those working with limited
funding, to repetitively carry out fast systematic regional archaeological surveys, site
monitoring and in-depth research based on spatial analysis. In fact the small scale view of
archaeological landscapes provided by the model help in understanding regional settlement
patterns. As a consequence, the approach used here, not only has been successful but has the
potential to advance archaeological heritage management, improve the knowledge of
archaeological record in the continent and give new perspectives of archaeological landscapes.

Some of the major limitations which were encountered while carrying out this study include:

1. The uncertainty in the detection of sites caused by post-depositional processes such as
water and wind erosion which transport archaeological materials from their in-situ

location to other areas thus causing confusion to site prediction models.

2. Very high spatial resolutions sensors aboard satellite platforms have limited spectral
ability to differentiate archaeological features with subtle spectral differences from their

environment such as non-sites and non-vitrified dung sites as established in this study.

The of the abovementioned limitations is clearly indicates that even though there are
improvements in the development of remote sensing techniques their application in

archaeological contexts is still limited.
7.4 Recommendations
This study recommends the following approaches for future research:

1. The present study has shown that very high spatial resolution satellite sensors have
the ability to detect surface archaeological deposits. However, images from very
high spatial resolution satellites sensors are expensive to be acquired by heritage
management institutions especially those in developing countries. As a result, there
is a need to evaluate the performance of open source and medium spatial resolution
satellites such as Sentinel-2 for use in detecting archaeological material, in order to
curb the cost hindrance associated with data very high spatial resolution satellites

sensors as discussed above.

2. Furthermore, research should also investigate the possibility of fusing data from

high spatial resolution satellite sensors such as WorldView-2 and GeoEye with that
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from high spectral sensors such as Sentinel-2 and Landsat 8 OLI in order to deal
with spectral confusion between soils and the vitrified dung and non-vitrified dung
deposits. This will enable the researchers to compensate for low spatial resolutions
in the above-mentioned high spectral resolution satellite sensors, which have been
found to possess the spectral resolution suitable for separating the archaeological
deposits of interest in this study. This will improve the classification accuracies of
the models because it will reduce the spectral confusion between materials
including soil and archaeological deposits of vitrified dung and non-vitrified dung,

which is common in low spectral resolution satellite data.

. There is limited used of advanced classification algorithms including RF and SVM
in remote sensing applications in archaeology. Hence, it is recommended that the
classification models used in this study should be tested in other areas characterised
by surface archaeological features such as middens, vitrified dung and non-vitrified
dung deposits in order to affirm their reliability in site prediction. Successful results
will help with fast and cost-effective documentation and monitoring of
archaeological sites over large and inaccessible areas by researchers and heritage

managers.

. The major limitation of this study is the inability to differentiate recent and
contemporary byres from the archaeological ones. As a result, a study that will
collect the spectra of historical byres and analyses it in relation to that of

archaeological ones is recommended.
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