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ABSTRACT

As commercial archaeogeophysical survey progressively shifts towards lasgaldandscape
surveys, small features like graves become more difficult to identifylarat deterinaease

the rate and confidence of grave identifiefdir@axcavation using geophysical metheds

accuracy and speed of survey outputs and reporting must bé e @qomexich taken in this
researctwasfirst to consider the survey parantbtdrgovern the effectiveness of the four
conventiontchniquessedn commercial archaeogeophysical evaluations (magnetometry, earth
resisince electromagnetic induction and gpenattating radaubsequently) respect of
groungpenetratingadar (GPRis researatevelopdmachine learning applications to improve

the speed and confidence of detecting inhumation Tdravestvey parameters research
combined established survey guidelines for the UK, Ireland, and Europe talageolagyfor loc

soils and land cover to provide survey guidance for individual sites-b@sadiapigication

linked to GIS database. To develop two machine learning tools for localising and probability scorint
gravdike responses in GPR data, caomalineural networks and transfer learning were used to
analyse radargraaf medieval graves and timeslices of modern proxy clandeshazigisves.

werec. 93% accurate at labelling images as containing a grave or o gé&veaeangrate in

lakelling and locating potential grareelngrammags. For timeslices, machine learning models
achieved 94% classification accuracy. The >90% accuracy of the machine learning models
demonstrates the viability of madsisted detection of inhumafiaves within GPR data.

While the expansion of the training dataset would further improve the accuracy of the proposed
methods, the current madboheterpretation methods provide valuable assistanceddr human
interpretation until more data lescawmailable. The survey guidance tool and the two machine
learning applications have been packaged Reiighveb application toolset, which is freely

available.
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Chapter 1: Introduction

1. INTRODUCTNO

1.1. ProjectRationale

Each year several thousand human skeletons are disturbed during development projects in Eng
alone, with approximately 75% of the skeletons excavated from archaeologicdat®ntexts post
the 6th century Mlvisory Panel on the Archgaeofdurials in England 20.1¥ One method

for determining the potential for human remains on a site, asidmfetadssksments, is
geophysical survegince their development in the 1950s geophysical surveys, have been part o
archaeolacgl investigations, but have only regularly integrated into criminal investigative strategi
in the last decafféheetham 2005, Conyers 2Qb&)entional archagmphysicalpplications

include delineating structural remains, ditches and enclosures, cultivation practices, former f
boundaries, and subsurface graves, as well as differentiating modern services from archaeolog
remaingDavenport 2000ne aspect wheregwggical survey has struggled since its inception

is in detecting grava@$e difficulty in detecting graves is often a requiesévetiostate of

graves as in most soil conditions the human remains and burial container, especially wooden co
decompose over tifince the remains have fully decomposed the differences in the geochemica
and physical properties of the remains,doratkfilfrounding matrix become challenging to detect,

or even indiscernible. The minimal disturbance of the soil once returned to its original position,
lack of additives with enhanced geophysical characteristics such as charcoal ortbther material
enhanced magnetic properties result in marginal differences between the grave fill and surroun
material. A grave is comprised of the grave cut, grave fill, grave shaft, remains, and sometime
burial containerfFigurel depicts an illustrative example of interred skeletonisetbremains
demonstrate the relationship betweeentamsgrave fil surrounding material, and ground

surface.
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Figurel: Illustrative example of intskeldtonisdtlman remaittsat demonstratie relationship betwten
gravdill, surrounding material and gsouiade.

A compounding problem isdated when the geophysical methods are successful in detecting a
grave, but the surveyor or interpreter is inexperienced in interprefiige feesttatztions can

often lead to instances where graves are present in the dataset but are dtingpliheated

data interpretation stage, or the graves are not detected through geophysics and remain
undiscovered until they are disturbed during excavation. An example of this phenomenon is the 79.
individuals and associated interments not detedtimtine@anhiRanelagh, County Roscommon,
IrelandDelaney 2017, Murray 20TRE misinterpretation or lack of detection of graves has a
significant monetary impact on clients in commercial archaeology as well as ethical implications whe

it comes to recovering the human remains.

Geophysical survey has been wigely attempts locate modern and archaeological unmarked

graves and magsavesn a range of environm@siyon and Bevan 1977, Bevan 1991, Mellett

1992, Unterberger 1992, Miller 1996, Eaton 1999, Davis et al. 2000, Koppenjan et al. 2004,
Cheetham 2005Exploratognd controlled reseasuahveys hayaovergeophysical methods

can detecboth modernand archaeologicatermenisdependent on environmental and
anthropogenic facf@sch as target morphology, physical and chemical properties of the fill and
thesurrounding matrix, and orien{@efimey and Gater 2003, Conyers 2013, Richardson and
Cheetham 2013Jrurther discussion on the detection of modern graves is provided in Chapter
11.2.2

Most geophysical techniques are used in the search for modern and archaeological unmarked
graves. Whilmagnetitechniquemay aid itocating forensic evidence, GPR and resistivity
techniquesresuitible fodetecting the moisture and soil compaction variations that result from a

grave It is important to note that because detecting the skeletal remains themselves is unlikely in a

2
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modern clandestine grave, and nearly impossible in an archasofdgjdaisthe grave cut

and grave fill that are detected (Bevan 1991; Bladon et@la2®tijs are easily identifiable

in highly stratified soil matrices (Bevan 1991; Conyeith20d:@\e cut is often detected
because as the grave is theggut truncates the stratigraphy and the redeposited material (grave
fill) is mixed. The redeposited material disturbs the stratigraphy and can change the dielec
properties of the gdiughan 1986; Bevan 1991; Bladon et al.@idlitlle andeBantoni

(2010), however, demonstrated that the disturbed soil redeposited in the grave shaft becomes r
challenging to detect in homogeneous soils because the dielectric properties do not char
significantly from the surrounding soil Eharixmnstances where an individual was interred in

an untreated wooden coffin, the coffin is unlikely to cause a reflection as coffins are likely
deteriorate within ten years of interment in most environments (Doolittle and B&lantoni 2010)
deteriorain of the coffin leaves only the skeletal remains, coffin nails, and any grave goods witt
the grave cut. There have been some instances where empty crania and thoracic cavities h
produced individual hyperbolic reflections under optimal comiitiares @Da2013, p.273).
However, responses from body cavities are rarely interpreted as a grave unless they form part
targeted higlesolution survey following the identification of the burial ground's extent.

Graves are not only difficult extdétie to the ephemeral physical and chemical changes that
minimise over time, but this difficulty is often compoundetkbyegmstlisturbance and the
spacing between a group of grAm@sals, plants, humans, and environmental factors can change
or disturb the interface between the grave fill and the undisturbed soil matrix surrounding it
produce a scattering effect (Conyers 2006, 2013; Nobes 2000; Valngtzes {286)) also

identified that a tight clustering or overlapping of gichwesate an overlapping diffraction
pattern in which individual graves cannot be idolatacar, Rial et al. (2009) later established

that the overlapping diffractions could be minimised by u$iaguartughantennés is

customary with respesmfrom modern services, the data can also be migrated to reduce the effects

of tightly clustered features/anomalies.

Groungbenetrating radar and earth resistance methods have proven to be the most successful
detecting graves (Gaffney and GateCh@@sam 2005; Conyers 2013; Ruffell and McAllister
2015) One of the earliest GPR surveys to attempt to locate graves was carried out by C.J. Vaugt
(1986) from 1982983 in Red Bay, Labrador, Camhdaurvey was challenged by waterlogged

soils, omplicated stratigraphy, and an overburden of cobbles (Vaughan 1986; Conyers 201

Despite this, the survey still proved successful in identifying disturbed soil related to the grave
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However, the grave goods and skeletal remains werecstiblerdietdo their low contrast with
the surrounding matrices (Vaughan 1986).

In their studieNlecroSeardfirrance et al. 1992, 196dhdthat GPR was the most suitable
technique for identifying clandestine graves in a forensitheodépth of their pig cadavers
(0.511 0.79m) was comparable to the average depth of medieval graves below the original topsoil.

Moffat (2015) has widelylied GPR to graves and potential cemetery sites in Australia with varying
success due to environmental fadttime recently, Gaffney et al. (2014) achieved promising
results from a maliannel GPR survey of the Cistercian Fountains AbbeytiRyfmkshioe

The survey demonstrated a clear demarcation of the high amplitude responses from individual

graves.

As a result of technological developments and changing expectations much work has been carriec
out on data processing and visualisatiother8D visualisation of a dataset to animations that

allow the interpreter to 'scan' through large.datdmting the implementation of software to

view radargrams and timeslices, the interpretation of graves in GPR data became much more
straightfevard, making the technique more applicable to locating such targets (Conyers 2013)
However, the ability to identify such features still lies with the @fterpthterwill bias the

dataset as most geophysicists tend to focus on high aspplitsele rehereas, the responses

of interest can often be the 'negative’ areas or those with little to no reflection of the radar waves
(Conyers 2013).

Geological factors, an uncontrollable aspect of the survey environment, play a significant role in
deternming the potential detectability of graves and the appropriate survey parameters for
maximising the potential to detect them through geophysicaksoriveypal disadvantage of

using electromagnetic methods (including GPR) for archaeogeophysitat sariability of

survey environments, as some subsurface materials cause high attenuation of the signal (Davenpoil
2001) It was initially thought that GPR surveys would not be suitable for clay soils, waterlogged
soils saltvater or even brask water (Conyers 20¥¥)wever, surveys over the past 20 years

have shown that, while there is high signal attenuation, GPR can be successfully used on clayey
soils, waterlogged soils, and freshwater (Conyer€@tiB}tive materials, such asnimlca

bedrocks osaltvatey are still problematic for survéiectromagnetic geophysical survey
techniques offer heghality data across subsurface materials like sand or gravel because they are
low loss materials and easily penetrable by the eleticomzags (Simms 1995; Ludwig et al.

2011).
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Conversely, clays and loamy soils or highly conductive soils reduce the depth of penetration anc
overall signal to noise ratio of data due to high attenuation (Simms 1995; Ludwigweal. 2011)

2 slows the suitability of magnetic, electromagnetic (EMI and GPR), and resistance methods o
range of geologies present in Ireland, Northern Ireland, and Great Britain and shows tf
electromagnetic and resistance methods prodguoalityigtesults on thewadest range of
geologiesAs Ireland's bedrock geology is primarily comprised of limestone formations with clay
silt, clayey sand, clay, sandy clay, and silty clay soils, when not accounting for topography, GP

one of the most suitable techriguaschaeogeophysical survey in the country.

The Detection of Archaeological residues using Remote sensing Techniques (DART) proj
investigated the ability of a range of remote sensing techniques to detect archaeological feature
challenging cotidins The project aimed to develop "analytical methods for identifying and
guantifying gradual changes and dynamics in sensor responses associated with surface and n
surface archaeological features under different environmental and land mdiimgsthent con
(Cohn 2019PART focused on the detection of archaeological features in geologies and soils, whi
are known to hinder the detection and interpretation of archaeological feature3)\ileh as clays
several techniques were evaluated a$ fertpooject, including quantum technology gravity
sensors (Boddice et al. 2017) and LIiDAR data (Stott et al. 2013, 2015), the evaluation most rele
to this research is the work undertaken by Fr§(202@)4) investigated the effects of weather
conditions and "difficult" geologies (clay soils) on the quality of resistivity and earth resistance c
The study expanded the problem of seasonality effects to specifically focus on how and why mu
variables (e.g. moisture content, soils)cenfloendetection and interpretation of electrical
anomalies caused by anthropogenic interférenogh a series of earth resistance, electrical
resistivity imaging (ERI), and EMI surveys of four known archaeologicallfatorggover

and subseeut statistical analysis of the survey data and cumulative moisture balance data, Fi
determined that seasonality alone is not a suitable predictor for the detectability of archaeoloc
features (Fry 2014, p. 189, 264). Instead, weather trendgi(esmorsuuiee balance) and the
porosity of local soils are more reliable as predictors of the detectability of archaeological featt
even with the noted unpredictability in the effects of changes in weather conditions-(Fry 2014, p.
266).

While the nuaity of southern and Northern Ireland is comprised of carboniferous limestone
sandstone, and shale, there are several regions of igneous bedrocks including basalts and gre
which are less suitable for electromagnetic Stimeesegions with voicaredrock or rough

terrain provide the opportunity to determine if the model will still perform well in unfavoura
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conditionsThe overall suitability of GPR for detecting a range of medieval monastic features in
conjunction with the underuse of GBRnd led to choosing Ireland as the first test region for the
research project.
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Along with the geologfeators, the survey parameters will have the most substantial impact on
whether or not a surveyor can detect the expected target using a suitaliNatienhhemyuce
international guidelines are available to provide guidance on choosingethyeepipysmah

method, survey resolution, and data processing Hetheed, while these guidelines provide
accurate and suitable advice for surveyors and novices, the text format of the guidelines does
encourage their everyday Aisanmore locamateur archaeologists try to incorporate geophysical
survey into their projects, it is crucial to provide them with clear, accessible guidance on how to st
appropriately in a given set of conditions to minimise the risk of obtaining podksquality data
previously established by Conyers (2013), GPR surveys are one of the most difficult to carry out,
the acquired datasets require more training and experience to interpret than most techniqu
Therefore, it is necessary to improve the détanqmiteess in order to improve the interpretation

of the data No one, geophysicist or amateur archaeologist, is immune to making survey o
interpretation errors, especially with a complicated technique sudbvesveitPBse errors

can be minireid by implementing an interactivepuput format for existing survey guidelines

An interactive approach to determining the appropriate survey parameters will hopefully encoul
more practitioners to seek guidance before surveys and impabtye data qu

The critical survey parameters (the traverse and sampling intervals) also affect survey rest
however, these are easily adaptable for most tedhtrigseslly, to increase the likelihood of
detecting a target, the traverse intervalbghoaldhore than half the minimum dimension of the
target(s), preferably without sample bias in any one direction, with minimal interpolation between
as well as an adequate characterisation of the background material to differentiate between the t:
and background responses (Green and Cheetham 2016; Green and Holmes 2at7). From this
interactive guidelines model for determining appropriate survey parameters while accounting
factors including local geology, presence of modern anthropggeveather conditions, land

use, has the potential to enhance data collection methods which in turn will improve de
interpretability (David et al. 2008a; Bonsall et al. 2014; Schmidt et al. 2015).

Further to this, introducing a computational apirteeinterpretation process has the potential

to reduce human error and improve the rate of identifying true posiiaeapsalsexisting
computational geometry algorithms and machine learning libraries to classify responses in GPR
aubmatically, processing and interpretation speed are, in most cases, increased, and interpreta

becomes more accurate as theaintranteobserver error is reduced.

Aside from not being detectable, graves are often overlooked in a datassidonseogyal

magnitude of the response, size of the dataset, and experience of the vbdeokiggsor
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misinterpreting graetated responses can have severe impacts on commercial projects,
particularly on the cost and time®&gaidentiiyg potential graves present on a site prior to the

start of the excavation stage of an investigation, archaeologists and the client(s) can prepare a
strategy for dealing with the remains or mitigating the impadVbiethleenmagnitude and
morpholggof responses in a dataset may be indicative of inhumation(s), they may not be interpreted
by many geophysicists as the responses of many archetypical interments are similar to those of othe
smakscale ground disturbantesorporating geophysicatjapand remote sensing data allows

for the creation of an information system that can be used by the commercial sector and forensic
archaeologists to detect interments during-dkeayatéion stage of an investigation, thus
maximising the potentiathfe recovery of human rem&@psliminating the subjective human

factor in data analysis, the effectiveness of the program can be determined and present a more

objective, thorough interpretation.

12. Assessment ®Rationale for Madhirepearning Approach

Studies of machine learning and professionals in other fields, e.g. medicine, have shown that
machine learningnassist and operform experts in data interpretdgchandl et al. (2019)
comparetheaccuracy of human experts and machine learning methods in classifying pigmented
skin lesions in dermatoscopic images. In comparing the responses from 511 medical professional
against those from the top threeshjggrforming machine learning algofitoimnand| et al.

(2019, p. 93R)und that the machinegetfbrmed the human interpreters. When compared with

all respondents, the machines predictaderage of 2.01 more correct diagnoses than the
humansWhercompared with the responses from experts with more thanedpgearcef

the machines predicted an average of 6.65 more correct diagnoses th@rsthauectpetr .

2019, p. 938)Other studies, suchthat carried out Byjczak et al. (2017, p. S84)he

classification of radiographs, which used outdated machine learning networks found that experts an
the machinkearning algorithm achieved similar accuracies on classifyiingB8%ctorethe

machine and 82% for the experts.

The state of hurded interpretation of graves in GPR was briefly as#@ssedearch project

through a questionnaire. Tlrstigoeaire was distributed to individuals who were experienced in
GPR survey in order to create a baseline evaluation of the agreement between multiple human
interpreters without the potential for inexperienced surveyegecuiysicists to skew the

results.The questionnaire was limited by the rage of data available that could be widely shared and
the limits of the survey hosting platfeerquestionnasienedo determine if human interpreters
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would provide the same interpretatithesdatand subsequently if thveye able to correctly

identify responses from graves in GPR data as well assess their confidence in their interpretati
The interpretation and its confideme¢éso measured by the Reilig for Radargrams app during its
interpetation of images, making the hanthmachided interpretation comparalie.results

of the machine learning interpretatio€hepia8.2

1.2.1. Participant BGaracteristics

The target population for the questionnaire was surveyors currently working primarily with GPR
and experts in GPR data collection and interpretation. The restriction of the population reducec
possibility of extraneous responsas might have skewed the outcome of the questionnaire.
Responses were anonymised and cannydarbsebd tr
experiende cl ass. These restrictions | imited

performedn the responses.

10 responses were received from individuals with a range of experiEneariajaity of
participants (n=6, 60%) had mlbpargcipantshadatl 0 vy
least one year of experience in GPR survey.

Q1A: How many years experience do you havein
GPR survey?

7
n 6
(]
2 s
o
o
S 4
ad
5 3
L2
E
2 ] ]
0
Lessthanl 1-3years 3-5years 5-7years 7-10years More than 10
year years
Number of Years Experience
Figures: Di st r i b uyedas ofexpedehce ip &PRtsunatly npost patrtisigiants having more than 10

years of experience.

Participant experience was almost evenly distributed between commercial and research geophy:

A majority of the participants (90%) had experience in both commercial and research geophysic
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Q1B: Has your experience with GPR survey primarily
been in research or commercial settings?

Number of Responses
SN

Research Commercial
Workplace

Figuret: Distribution of paréinis' experience with GPR in commercial and researcihsetiimggthhoth
falds are repserad.

1.2.2. Data Visualisation Methods

Participants were asked which methods they use to visualise GPR data for interpretation. The
majority of participants used both timeslices and radargrams etingndiaitepvith 60% of

participants using animations (either of radargrams or timeslices) as well. No participants were usin
moresophisticatetiethods of data visualisationterpret GPR data. One participant uses an

ienvetimegiceand®sal 'y no more sophisticated pr oce

Q2: When interpreting GPR data, you use:

o 0
OIII-

Timeslices  Radargrams  Animations Other Isosurfaces Automatic
Feature
Detection

Number of Responses
= -
IS [e)} oo o N

N

Figures: Distribution of participants' preferred visualisation methods for GPR data
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1.2.3. Interpretation

Participants were presented with two radargrams and agadiméstiret. Each image was
divided into four quadrants (labéll®]).AParticipants were asked to identify whether there was

no grave, a grave, or multiple graves present in each quadrant. The responses for each image
presented fRigures - Figurel3 Grave responses are present in Radargram 1 Quadrant B, and
Radargrar? Quadrants A and C.

Q3A: In the image which quadrant(s), if any, contains
grave-like response(s)?

] I -I
C D

Image Quadrant

Iy
o

Number of Responses
O P N WPHMOUIoo N 0O

Grave Present  ®Multiple Graves Present B No Grave

Figures: Distribution of all participants' interpretation of graves in Radargram 1

Q4A: In the image which quadrant(s), if any, contains
grave-like response(s)?

[Eny
o

Number of Responses

O R, N WSO O

A B C D
Image Quadrant

Grave Present  ®Multiple Graves Present  ®No Grave

Figurer: Distribution of all participants' interpretation of graves in Radargram 2
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Participatis were in totalgreenent defined heas all participants providing the same response,

on the interpretatioremdargram quadréRadargram 2, QuadrantA3) demonstrated by the

responses FiguréandFigure, aside from Quadrant D in Radargrdnighere wrevarying

levelof agreement betwganticipantshere waso totahgreement between participants on the

presence of graves in each radargram. When the responses from those participants with more thal
10 yearof experience in GPR survey are isolated, as shmure@nand Figure9, total

agreement amongst participants increases to two quadrants in Radamfraau & 2%

guadrants).

100%
90%
80%
70%
60%
50%

40%
30%
20%
10%

0%

Question 3 - Interpretation

B D

A C

Grave Present m Multiple Graves Present m No Grave Present

Figure3: Distribution of the interpretation of graves in Raigrpeatitipants with more than 10ofears
experience in GPR survey

Question 4 - Interpretation

A B C D

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

0%

Grave Present ® Multiple Graves Present m No Grave Present

Figured: Distribution of theerpretation of graves in Radargram 2 by participants with more tfan 10 years
experience in GPR survey
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Participants agreed more on the interpretation of the timeslice examples. There were no quadr:
in which all participantge in totalgreenenton the interpretation of the presence of graves;
however, there was legsatiofior each quadraas demonstratedrigurelOandFigue 11

Participants gave the most correct responses for Radargram 2 Quadrant D.

Q5A: In the image which quadrant(s), if any, contains
grave-like response(s)?

B -l II I-
B C D

A

[Eny
o

Number of Responses
O P N WPHMOUIOON OO

Image Quadrant

Grave Present  ®Multiple Graves Present B No Grave
FigurelQ Distribution of participants' interpretation of graves in Timeslice 1

Q6A: In the image which quadrant(s), if any, contains
grave-like response(s)?

II -I -I -I
A B C D

Image Quadrant

Iy
o

Number of Responses
O FRP N WPHMOUIOoOON OO

Grave Present  ®Multiple Graves Present  ®No Grave

Figue 11 Distribution of participants' interpretation of graves in Timeslice 2
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As demonstratedrigure2andFigurel3 when participants with less than 10fgegerience
are removed tmeimber ofjluadraistin which the participaants in totasdgreenenton the

interpretation increasesvtn

Question 5 - Interpretation

B D

A C

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

0%

Grave Present m Multiple Graves Present m No Grave Present

Figurel2 Distribution of the interpretation of grimesticehy par ti ci pants with more th
in GPR survey

Question 6 - Interpretation

A B C D

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

0%

Grave Present m Multiple Graves Present m No Grave Present

Figurel3 Distribution of the interpretation of graves in Pilmgslicg ar t i ci pants with more th
in GPR survey

Participants were more successful in correctly interpreting the timeslice examples compared to the

radargram examples. Theymesesuccessful on Timeslice 1 Quadrant B.

14
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The lack of consensus among participamisrpretation of the radargrams and marginal
improvement in the interpretation of the timedlicgsisindicatiofthe neefbra method for
cohesive and quifiable interpretation of GPR data.

1.2.4. Confidence in Interpretation

Alongside their interpretations, participants were also asked to rank their confidence in tr
interpretation for each quadrant in an image. Participants were able to indicate @ low, mediu
high confidence in their interpretation. As demondtigtedldy Figurel?7, participants

indicated they had low confidetiwamajority of the interpretatithrshiould be noted, however,

that this low confidence could be a result of the amount of data they were provided with and if it

processed or plotted @iffefrom their usual methods.

Q3B: How confident are you in your interpretation?

A B C D

N

Number of Responses
N w

[EEN

0
Image Quadrant
High Confidence  m Medium Confidence  ®mLow Confidence
Figurel4 Di stribution of participantsd confidence
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Q4B: How confident are you in your interpretation?

A B

Image Quadrant

High Confidence  mMedium Confidence  ®mLow Confidence

Figurel5 Di stri buti on

of p a rptetaton o quadiargsin Radafyram d e n c e

Q5B: How confident are you in your interpretation?

B C D

Image Quadrant

High Confidence  mMedium Confidence  ®mLow Confidence

Figureté Di st ri buti on

of participant sTinegiodnf i dence
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Q6B: How confident are you in your interpretation?

3

2

1

, L L -
A B C D

Image Quadrant

Number of Responses

High Confidence  ®Medium Confidence  mLow Confidence

FigurdlZ? Di stri buti on of participant sTanesior8f i dence i n

When the responses from participants with
dataset, participant s & prinanlylowd &hile thered was miotee i r
agreement between participants in the interpretation of the timeslices compared to the radargre
participantsé confidence wa FigureBandrigurdh t hei
show the ranked confidence of participants with more tharofl@xpedesce in their

interpreations of the radargrams and timeslices.
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Confidence in Interpreting Radargrams

High Confidence = Medium Confidence = Low Confidence

Figurel8 Confidence of participants with more than afeyparience in interpreting Radargram 1 and
Radargram 2

Confidence in Interpreting Timeslices

31.82%

63.64%

High Confidence = Medium Confidence = Low Confidence

Figurel9 Confidence of participants with more than dfeygarience in interprefimgeslic& andlimeslic2

At hough the ranked confidence system is sim
their interpretations is conceifninggnot a result of the amount of data provitiedlow

confidence further supports the need for a method of probability scoring interpretations to
appropriately qualify their likelihood of being correct interpdegass@idiuman interpreters

18
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1.3. Aimsand Objectives

1.3.1. Aims

Responses from graves in GPR data are often misinterpreted or overlooked by human interpre
While this can negatively impact commercial archaeology companies and their clients as skel
remains exponentially increase the aqstogdct, there is also an ethical issue surrounding the
disturbance of human remd&ihe overall aim of this project is to produce digital tools to improve
data acquisition and interpretation of graves in archaeological GPiRpusveyhe rate

the preexcavation detection of gravess work is framed reigvance theuseof digital tools

in commercial archaeology and community groups in Irelai and the

1.3.2. Objectives

1 Assess the appropriateness of current practices for themdantficddirpretation of
graves in GPR data

1 Develop an interactive deemsaking tool for determining appropriate survey parameters
for surveys in Ireland and the UK from existing guidelines

1 Develop inpatutput usdriendly automatic classificatifiwvase for detecting and

probabilitgcoring gravike responses in GPR;data

Apply machine learning to a range of sites in Ireland (five study areas)

Assess the potential impact of the developed tools on commercial archaeogeophysics

Test the abilitydevelop a training dataset for standard modern clandestine burial practices

= =2 A =

Assess the potential impact of the computational tools on geophysics applied in a foren:

context

1.4. Contribution to Knowledge

It is the aim that the research project anulits wilit contribute towards the improvement of the
standard of archaeogeophysical survey and data interpretation as well as towards understanding
potential and challenges of detecting Buwislh, this research demonstrates that choosing the
mog appropriate survey parameters play a vital role in determining the detectability of burials,
therefore data should be collected systematically at the highest density possible within the meat
each projectBy integrating computational toolshaeageophysical surveys where GPR is a
significant component, there is the potential to reduce the modern impact on archaeological ske

remains as well as the monetary impact on commetrcidbsliemgortantly, aithe most
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basic premise, ttesearch aims to improve the confidence, consistency, and speed of interpreting
GPR data.

1.5. Thesis Format

This thesis is comprised of an introductory chapter which details the research agenda, its
components, the background to the research projectahmdriiemplications of the research
outputs.

Following the introduction are three chapters detailing relevant literature and background to the
geophysical survey component of the. p@keapter 2 provides analysis and collation of the

historic andxeavation records for medieval burial practices in Ireland arférdhre thik

discussion, Chapter 3 includes a discussion on the current survey guidance for the UK and Irelanc
and how their use can be encouraged to improve data quality anad tfgdetesTioapter

4 provides a detailed overview on the principles of the techniques often used in archaeogeophysic:
(as discussed in Chapter 3), with a particular focus on GPR, as well as their applications, limitations

data formats, and how thdsetdhe detectability graves and grave goods using each technique.

From this, Chapter 5 outlines the methodology for the interactive survey parameters tools createc

and their preliminary use.
Chapters 8 are dedicated to machine learning.

Chapter 6 outlines current machine learning methods and their established applications to

archaeological and geophysical data.

Chapter 7 outlines the methods used to create the neural network and machine learning algorithms
This chapter also comparesuhability of the eighttpmgned models tested using the GPR
dataset.

Chapter 8 outlines the methods used to collect and interpret the data from case study surveys anc
compares the hured interpretation methods with the mMadhimerpretationBhis chapter

also includes analysis of the results from the automatic classification software, Reilig, and the
performance of the system compared to the performance of archaeogeophysics professionals, as

well as the results from the case study surveys

Chapter 9ncludes additional preliminary tests on proxies for modern clandestine graves in GPR

data

20
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Chapter 10 continues the discussion on the feasibility of applying the tools created in the proje
commercial and research geophysics, as weléasitarfeestigations, with particular focus on
how realvorld scenarios may affect the performance of the machine learning models.

Chapter 11 presents the overall conclusions, including the outputs and outcomes from the rese

and proposed future work.
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2. ARCHAEOLOGICAL BAGKIND

2.1. Introduction

The focus ofifproject ien the improvement and interpretation of geophygicalatddiemw

machine learning approaches can be apgiiedaomld scenarioTo explore these

applications, the targeted archaeological features must first be discussednitiatontext.
applications of machine learning in the project were limited to medieval graves as these are the mos
commonly encoeird in commercial archae@ayysory Panel on the Archaeology ofiBurials

England 2017However, discussion on the later application of machine learning to modern graves
is provided in Chaf@and Chaptdrl.2.2

Burial traditions in Western Europe can often be tegpkbrexdhowever, the factors that

influence burial styles, such as the arrival of new cultural groups or pediticalyraa ok

the region. There is a vast record of archaeological knowledge in Ireland due to the excavation an:
recovery strategies used in commercial archaeology over the last 30 yehepraseveleas

ofin sitremains across the couniile it could be argued that the surviving archaeology in
Britain is less substantial than in Ireland due to development practices, the excavation records anc
presence of upstanding archaeology in CornBalitlarid/ales demonstrate similarities in

lifesyle, burial practice, and, at one point, language. As geophysical survey methods have proven
capable of detectmgdievadrchaeological features and there is a wealth of information on these
features, this research project was limited to buobtrstykstieval period, primarilyeiiand

but witlseverasimilar examples from Britain.

2.1.1. Chronological Divisions

This study, which only aims to determine the viability of machine learning, focuses on common
medieval grave types in IrelanthandK The timescaéor the medieval period in Ireland and

England are similar, with some minor transition differencasadaedon the political climate
(seeFigure20. The timescale for the medieval period inaimdldmel UlS similar, with some

minor transition differences due to variances in the political climate. While there is evidence for som
overlap in burial traditions between phases, categargtglds can be associated with specific

phases during the medieval period. It is also important to note that the minor discrepancies in the
structure of the general population and the transition phases between paratislortneland

IrelandiEnglandand Scotlaradiso led to minor variations in the burial practices of the countries.
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While there is evidence for some overlap in burial traditions betwatsgphasesial styles

can beassociated with specific phases during thalrpedied. It is also important to note that

the minor discrepancies in the structure of the general population ands thetviegrsition
historicgberiods in Ireland and England also led to minor differences in the burial practices of tl
two countigse The typological burial practices for each country are discussed hereafter. The
morphological and conductive properties for each typology used to create the training dataset

as classifieme discussedthnis chapter as welCimpted.
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AD 367
Offensive on Britain by the Irish, Picts and Saxons

AD 431
Pope sends Palladius to Ireland as Bishop

AD 432

St Patrick arrives in Ireland

c. AD 550-650

Growth of monasticism in Ireland

AD 563
Foundation of lona by Columba

c. AD 670-700
Tirechan and Muirch( produce hagiographical works on St Patrick

AD 697
Proclamation of the ‘Law of Innecents’

AD 795
First Viking raid on lona, Rathlin, Inishmurray, and Inishbofin

AD 836

Increase in Viking raids

AD 914

Second wave of Viking raids

AD 1142

Foundation of the first Cistercian house in Ireland

AD 1169 (Anglo-Norman Invasion)
English military leaders arrive in Ireland

AD 1175

Treaty of Windsor between Henry Il and Rory O'Connor (King of
Ireland)

AD 1315

Edward Bruce invades Ireland

AD 1366

Statutes of Kilkenny — Prevent English seftlers using the Irish
language

AD 1509

Accession of Henry VIII

AD 1536-37
Meeting of the Irish Reformation Parliament

AD 1541

Parliamentary meeting declares Henry VIl King of Ireland
Establishment of the ‘Surrender and Re-grant’ programme

L

c. AD 600-1066
Anglo-Saxon period

AD 1066-1272

Norman Conguest
Reign of Edward |

AD 1169 (Anglo-Norman Invasion)

English military leaders arrive in Ireland

AD 1175

Treaty of Windsor between Henry 1l and Rory O'Connor (King of
Ireland)

AD 1272-1540

Late Middle Ages
Tudor Era

ANVION3

Figur€Q Timeline efrents and periods relevant to changes and variation in(adeptetyleoBarry 2003,
Duffy 2005a, 2005b, Horning et al. 2007, Waddell 2010, Historic England 2019)

2.2. Archaeology dlfreland

Activty inmedievaleland cannot be analysed irrespective of earlier activity in the Iron Age and
Early Christian period as the political climate, landscape changes, and external influences impac

later societies, politics, and economies. Even asyaeatatigaslarttie inhabitantsiogland
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had contact with Central Europe (Hallstatt culture) and the Mediterranesfordlze€any)
medievaberiod Theyet remained politically divided amongst thef8salwez013)Early

written records by the Irish gtrasthe island was divided into northern and southern halves along
glacial ridges formed between thth@bath(modern Dublin and Galway). The northern half,
Leth Cuinrwas the territory of Conn, and the southéetthioga was Muiply Mo g 6 s
(Stout 2018Yhese dynasties are later recor@gat@mtury records. The northern and southern
halves were further divided intmfoegl#@moderrcuig), or provincasUlaid, Ui Néill, Connacht,

MideL aigin, and Mur&tout 2018)Theapproximataoundargeof thesebicedare presented
inFigurel
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Figur2l Map depictingiceddoundarieisome. 250 BC to 1167 ABafated froltout 2017)

Around 300 AD landscapes throughout Ireland began to shift from woodlands to arable land and
pasture, with a marked increase in agricultural activity. This shift was likely a direct result of the
Roman impact on Irelamainlythrough contawith Roman Britain, which introduced new farming
technologies, and subsequently foods, to the island. Irish raids on Breonweldbatsane

classes in Rhristian Ireland were lite@gan(alsoogham a twentetter alphabet created

using intersecting lines (depicteidure2?), wagnitiallyused in Irish settlements in Britain to

inscribe Irish names on stones, similant&traanrBritan Latin inscriptid®out 2018)Later

ogam spread into Ireland through Wales, where it was used to inscritsengretangling
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stones and, eventually, ecclesiasticéBrEsthnach 2018)number dfése ogam storee
associated witlurial groundsdicating burial ar@#e the early medieval period.

aicme (class) b aicme (class) h aicme (class) m aicme (class) a

; n nin g q ciert r ruis gé i idad
% s sail E ¢ coll z straif ig e edad
E f fer E t tinne ng getal EE u ur
m—» R V72 —— d duir g gort — o onn
— b beithe — h  huath m  muinn —_— a ailm
fifth aicme
> & TSR o

ea 2 ui ia ae

eabab ;:.'r uillend iphin emoncholl

Figure2 Ogam alphaheded to inscribe boungaayking standing stones and stones to indicate ecclesiastical
sites

2.2.1. Early Medieval Ireland

The beginning of daely medieyale r i od i n | rel and is mar ked b
bishop in Ireland, PalladiusDi#31. However, the spread of Christianity throughout Ireland is
more often attributed to Patrick, a slave later becoming the patron saintlodrizeland, as
evidence for Palladius in Irish ré¢&tods 2018)The temporal spread of Christianity throughout
Ireland is evidence by place names and theBaiossD50Q the concentration of Christianity

is demonstrated by the number of churchesdeitmtieblace namejomnacheing the Old

l rish word for 0t kaeninitup{Btaub2018)Pricatbdeninacpldce o m t h
name went out of use, the annals demonstrate a rapid expansion of the Church, with the entire is
becoming ChristianAy700, as representadthe foundation datethethurches shown in
Figure3(Stout 2018)ntil the ninth century, churchegsimbebuiltstructures; however, the
Oburni ngd c huriscdoriegtheVikingeaids dontributeld ® tha transdion to stone
churche¢ O6 Su | | 200 ,aStout 2x18Ytee learliest documented stone church is Duleek
Camliat6 house of stonesédé) in County Meat h.

PreRomanesque churches, such as Clonmacnoise in County Offaly, built around the tenth cent
were simple rectangular buildings withrptop ons bet ween 1. 3iondf and 2
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the side walls beyond the end(®tilst 2018)Later in thE2thcentury churches, such as St
Petero6s Church in Waterford, were built wit
churches southern Bndlat the time. Churches again changedtbd@thcentury to the

Romanesque style, a reflection of the Church reform at the time, which was typified by rounded
arches and decorated moul@8tgat 2018)This reform is reflected in the increased number of
monastergebuilt in the 1140s. There was a shift in monastery stggeamthey as well with

the arrival of the Cistercians, where monasteries became more isolatée aodeflstet¢he

lifestyle demanded by the Rule of St B&tedic2018The Rule of St Beim¢dequired that in
addition to t hteysmnwmldgractice fdriaingl oyother foemg ef manual labour.
Theearly medievagriod ended in 1169 with the-Nogiean Invasion; however, the 1188 Annals

of Ulster demonstrate neamly medvalpractices continu&lout 2018)
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2.2.2. Medieval Ireland

From the ¥Zenturychurches and monastic building complexes followed a claadagbptan

which placed the cloister centrally, enclosed by the buildings. This layout places the church on the
north or south side of thetetoasth the refectory on the opposite side to the church and the chapter
house and dormitories within the east range of (Ruikyn2@05b)he first implementation of

this plan in Ireland was at Mellifont Abbey in 1142 and continued until the Dis¢Dkition in 1536
Paor et al. 1969, Duffy 200Mmnastic houses were primarily friaries (communities of brothers),

with many the remaining houses beirgg gjagommunities presided over by priors/prioresses),

and an exceedingly small minority being abbeys (communities presided over by abbots/abbesses
(Duffy 2005b)Abbeys and priories during thie L2 centuries were primarily associated with
Augustinian canons &histercian monks. Augustinian priories frequented urban areas as they
required minimal space, were in Ireland at the time of colonisation and undertook pastoralism (e.g
animal husbandry and gardgiaéfy 2005b)Vhile the Augustinians and Cistercians comprised

mary abbeys and prioribere werether ordeliacludingne house of Cluniac monks founded

by Tairrdelbach Ua Conchdblefarehis death in 1156, several houses of Premonstratensian
canons, and one house of Carthusian(Bantlest and Jeffery 1997, Duffy 200%xe were

fewer Benedictine houses in Ireland than there were irt tregtane; daowever, two notable
Benedictine houses are thed2tury de Lacy foundéduse at For€puntyWestmeath, and

the Priory of St Peter in Atliuky 2005b)

Friaries were introduced to Ireland during the early paftaeitioeyl3Like the abbeys and

priories, friaries were laid out in a claustral plan, the slight difference being that the church was to th
south of the cloister and the refectbgntrth. These clusters of buildings were then often
surrounded by ggees and precinct bounaugfy 2005b)

The changes in architectural styles with the introduction of monastic orders in Ireland is reflected ir
the change in burial style. Each order was responsible for burying their dead, commonly within the
precinct boundariesont® orders, such as the Dominicans, would often settle outside the town
boundaries near the town cemetery. These settlemehelpaidentttire potential for graves

in ageophysical survey as the easily detected features related to thelemoaatstidisaticate

that a burial ground is likely to be in the vicinity of the site.

2.2.3. Burial Practices

Early medievgtaveswere often oblong or subrectangular simple earthen dug graves with the
individual in an extended supine position orientat®st (vestd to the west). The trend seen
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across lIreland is shallow inhumations approxirdagaly Below the original ground surface
(Bhreathnach 2010, Corlett and Pott.elmton 2
some instances, stonereadded to the grave as a stone slab, stonentelg)giliow stones,

or footstondsCor | ettt and Potterton 2010, OgGanhi | | 3
stones were used as grave markers on many o®lasattsnach 2010Ancestral burial

grounds such as those in use during the Iron Age remained in continuous use into the medie
periodsee Cloghermore CaveuntyKerry, Knoxspafkountysligo, and MillockstGounty

Louthy Cor l ett and Potter.ton 2010, O6Sulliwvan

There is, however, a distinct transition fgemt{imenrChristia) burial practices to the Christian

burial practices that continued into the later medief@hpEaibdach 2010)s cemeteries

became focussed around the church and Christianity took hold as the prevailing religion,
preference for wesist aligned burials became common acrossahkmedrest of Europe
(Duffy 2005b, Bhr eat hnlais suggésted that theQrarSitioh fromv a n
Paganism to Christianity was a slow, complicated process in which there was regional variatio
the timescale of the adoption of Christi@dtyS u | | i v &lorChastn Viihg. burial®still4 )
occurred in Ireland during the early medieval period uptuogihtbey 10rhese burials were
distinguished by the grave goods that accompanied them. In the later nfetl@vaigptreod
AngleNorman Invasion, gravesevaften more ornate. Organised cemeteries stawrid arise

there is an increase in the use of stone as both grave markers and burial cositeaders. Stone
graves are widely represented; less often, stone cisténed sjoenes with coversshadre

used

Based on archaeological evidencendiultiual inhumations werelmarevhen they did ogccur
they most often contained an adult and a (Qeeleite and Potterton 2CENill and Sikora
2011) Individualyeniles were buried outsideonsecrated groundiltini which were often

located in pexisting monuments such as ringfort.

Following the Andlorman invasion, there was a trend to mark gravesswvithceffighaped

floor sl abs for tombs. An individual 6s bur
often varied by status or(Bexeathnach 2010)hose of a higher status received ornate burials,
often in stone cists or tombs near or within the cley@brevimidividuals were buried in wooden

or stone coffins in the main cemétexge primary burial types can be characterised by their size,

shape, and depth, making it easier to interpret them in geophysical data.
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Morphological characteristics of medieval Irish graves have beertleNatbirahMuseum

of I relandbs compil ati on dQGahillandrSikad20)& cavati o
author compiled the excavation records for relevant grave types and used them to determine the
average grave size characteristiese characistics are detailed ablel as well adlustrated

in Figure24 Some grave types were not discusSadlilhand Sikora (203&} still may be

encountered in geophysical survey data. As sulthedtgree/es, taated unlined graves,

shroud burials, and kinship/multiple inhumations are illeggaed inThe morphological

characteristics of these grave types arebased he aut hor 6s excavation

Tablel: Morphological characteristics of medieval Irishdguateeisfi@@ahill and Sikora 2011

Type Sample  Average Average Average
Size Length Width Depth
Lintel 23 1.895m 0.42m 0.295m
Cist 5 1.69m 0.40m 0.27m
UnlinedSimple) 42 1.8m 0.67m 0.27m
Slablined 3 1.58m 0.88m 0.40m
Pit 6 1.94m 0.87m 0.33m
Later Medieval Simple 1 - - 0.3m
Later Medieval Pit 1 0.7m 0.7m 0.3m
Later Medieval Coffin 2 1.775m 0.525m 0.45m
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Kinship/Multiple
Inhumation

Grave Stone-lined Grave

Simple Grave with Later Medieval Coffin
Earmuff Stones Burial Shroud Burial Truncated Simple Grave Lintel

Figure4 lllustrations of commonrirestievajrave types
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Further to this, theransextensivecord of burials on the National Monuments Service database
and Historic Environment Reddreprehistorit postmedievaburial records for the National
Monuments Service are shown with geographic distifligiie®S A number of theserial
recordhavecorrespomagexcavation repois such, thesmiriakecords were compangith

the associated excavation répodchieve a full characterisation of the bUhnil full
characterisation was usedform subsequent simulati@BRdataduring the creation of the

machine learning training dataseview of these momiraad excavation records by the author
identified that upstanding remains in the vicinity of the studgliatdenalieators of high

potential for graves within the study Bigare25 demonstrates the prevalence of burials
throughout Ireland. Inpartitulare hi gher preval ence of simpl e

Pit burials were excluded from the machine learning training dataskivd pecieaieeire.
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Burials may sometimes be markeldeadktones, ogam stones, or grave slabs. In this case, the
extent of the grave still requires delineation. However, development projects often avoid areas o
marked burialsisteadthey are more likely to encounter unmarked burial grounds or deserted
medieval villages. The examples of churches included hereafter are representative of the ideal
survey area and indicative of the structures or foundations that are likely to be deteeted through large
scale geophysical survey and suggest the furthetamgetetbhighsolution survey necessary

for identifying grav&xamples of modern upstanding remains of churches and monastic buildings
are providedhigure6- Figur@9to demonstrate the range of architectural styles and burial types.

Figure28andFigure29 also demonstrate the later use of medieval burial grounds mnto the post

medieval and modern periods.

Figure6 Remains of the bell tower of Augustinian St Mary's Abbey in Trim, Co Meath (locally referred to as the
Yellow Steepld)mageopyright retained byhar)
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Figure7 Remains of the Augustiniaastery Clonmacnoise near Shannonbridge, C8r@falsmnarkers and
grave slabs are still visible on the ground gumfage copyright retained by author

Figure8 Medieval and Paosedievakemains @t Brendan's Gbb on the site of St Brendan's monastery on
William's Street, Birr, Co Offaigve markers and lintels arie siiih (Image copyright retained by guthor
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Figur€9 Romanesgistyle church and nearby Holy Well ditlicoluan Roscomroe, The Leap, Co Offaly.
Possible medieval grave markers and modern headstomesitrésiilje copyright retained by duthor
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3. GEOPHYSICAL SURVRYDANCEOR TERRESTRIAL $BRS

3.1. Introduction

GPR is one of the least common techniques used in commercial and research archaeogeophy:
surveys, antthe datasets produced amstdhg most difficult to interpret. As such, there is
pressingeed to create software to agsigthysicists in interpreting this type dfidate80

shows the effectivenes®o¥entionallysed geophysical survey techniques in detecting a range

of commoarchaeological featurBlee chariocument& P R 6 s potergidbdetect graves
successfulBonsall et al. (201#kEntified that, oreeagemagnetometry, earth resistance, and

EMI have a pdair detection rate for inhumations; while, GPR ‘yasd deitection rate for
inhumations. For stone coffins or cists, GRBasasabldetection rate, followedly and

earth resistance which havegofairdetectionralth er e wer e no data avai
to detect cremations; however, it is |ikel\

it would be the most suitable deteetibad due to the burning of the remains.
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Figure8Q Detectability of modern objects and archaeological features with GPR, EMI, earth resistance, and
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3.2. Established Surve§uidance

Guidelines for conducting archaeological geophysical surveys have been established at internati
and ational levelsGuidance documents provide information regarding the most suitable survey
techniques, instrument settings, and survey resolution for common archaeological featur
geologies, and soilthe guidance provided is based on numerousrstihdietetectability of
archaeological features and effects of geologies and moisture content on survey data since
inception of archaeogeophy¥itsle the three primary sources for survey gDialadcet al.

2008a, Bonsall et al. 2014, Schmidt et ale@iB)end simiatuesnational guidelines offer
methods and techniques guidance for mitigating for uncontrollable fagtotegpuamaase

of the potential archaeology, and modern activity on a site. This guidance is particularly impor
as some impeding factors may be regionaspkodgied by agencieseaerascales

3.2.1. European Archaeological CouEiliropae Archaeamdiae Consilium)

The European Archaeological Council established a set of guidelines for geophysical prospectic
archaeology 2015 Schmidt et al.Yhese guidelines outline the most suitable techniques for the
most common targets, controllable factors, and uncontrollable factors encountered during surve
Europe, with a slight focus on the UK asetdgpted fromiHs t or i ¢ En@éavand és
et al. 2008a) The recommended survey parameters for common techniques used in
archaeogeophysical survey diabi2. As these recommendatior&chynidt et al. (20a8
reasonablgxtbased and inaccessible for somgroi@ssional geophysicists, the text has been
summarised Trable2. These guidelines are quickly becoming the most commonly used. They are
a suitable standard for all sogke European surveys. However, where high loss ayeologie
present or ephemeral targets are the focus of the survey, local or regional guidance should als

consulted.
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Table2: A summary of tleeommended survey paramfeteEiropean survégdapted frobavid et al. 2008a;
Schmidt et al. 2015)

TECHNIQUE EVALUATION CHARACTERISATION
(Reading x Traverse) (Reading x Traverse)
Earth Resistance Imx 1m 0.5m x 1m
*Graves0.5m x 0.5m
Electromagnetic (EMI) Slingram: 1/3 of the - Slingram: 1/3 of the
separation separation

Timedomain: 1/3 of the coil ¢ Timedomain: 1/3 of the coil ¢
EMI for Geomorphology 5m x 5m -

GPR 0.05m %¥.5n 0.05m x @6m
*Graves: 0.05m x 0.25m
Magnetometry 0.25m x 1m 0.25m x 0.5m

Topsoil Magnetic Susceptibil 10m x 10m -

3.2.2. HistoricEngland

Historic England (formerly English Heritage) established guidelines for the minimum resolution anc
guidance for choosing suitable techniques for archaeogeophy$ic&ngiaveiavid et al.

2008a)Table2 alsosummarisethie recommended survey strategies for a range of geophysical
survey techniques detailed in the decision table providaddet al. (2008&je suggested

survey parameters are suitable for detecting a wide range of anomalies and even suggest suitable
techniques based s0il types and the intended targetparameters for evaluation surveys are

often used in commercial geophysical surveys where timescales are short and have proven
successful in detecting lage smaticale featureslowever, as of June 2018¢thaidelines

have been superseded by the European Archaeological Coun¢8duiddlieesl. 2015)

3.2.3. Ireland

In 2014, Transport Infrastructure Ireland (TIl, formerly the National Roads Authority) produced
guidelines for geophysical surveys of road coirelarsfBonsall et al. 2018onsall et al.

(2014ainake a case fhetadoption of regional guidelines, rather than following the UK guidelines
(David et al. 20088)ue to the difference in bedrock gém@xamplie lack of chalk geology

and presencélarge areas of Carboniferous limestone irBloslsaltiet al. (201pa3)stress

that fAthe strat egeahallengm frishrsaleshooldl nosnacesgaely fellowo n t
t he Engl i s Htwésdsonecdssary tonceateeglidance separate from those provided

in the UK due to the nature ottam IrelandAs in the UK, the most widely applied technique

for largescale survey is magnetometry. However, supplemental EMI or earth resistance surveys are

also recommended.
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The island (including Ireland and Northern Ireland) is comprised primarily of pasture, bog, :
cultivated land. Uneven terrain in thef inelsind can also impede survey quality and completion
timeas walking speed is hindered across the #isainnlike the Uke bedrock geology is

largely Carboniferous limestones with some regomserdfated igneogsologiesas
demonstrated Bjgure3l, overlain by tills and, in some regions, peatoc&ogsologpnd
landcovercanallimpact the effectiveness of magneticueslamd, to an extent, electromagnetic

techniqueand therefore should be examined on a case by case basis

Fluxgate gradiometers respond poorly to alluvium, colluvium, silts, sands, and gravels. The
geologies overshadow archaeological featuitdsecomes difficult to discern the archaeological
features from the surrounding geology. In these instances, using a narrower traverse interval
the potential to improve the clarity of any archaeological features against the surrounding geols
Bonsall et al. (203139 identified that igneous geologies (e.g. basalt, diorite, granite, dolerite)
create strong magnetically enh#éimeedoremanent anomalies. Where the geology is near the
ground surfasethout sufficient overbuyrtlemeates widespread strong dipolar responses that
obliterate any underlying features. In other instances, anomalies caused by the igneous geol
maybe misinterpreted as anomalies caused by anthropogenic interference Béosakample,

al. (2014p.39 provide an example of dlacratics derived from igneous materials which could
easily be misinterpreted as positive or dipolar anomalies associated with archaeological featt
such as hearths cfilied pits.

Conversely, gradiometers respond very well in till (boulderelafygrwdchniques such as

GPR do not. The largest impact on electromagnetic techniques, including both GPR and EMI,
Anoi syo volcanic geol ogi es. GPR, especiall
where there is not suitably thysoil or overburden. Where the bedrock is near the ground surface
archaeological features cannot be discerned from the noise produced byHbedyeirock.
because these geologies comprise only a small portion of Ireland (as dErgarSteaad in

are constrained to small regions, electromagnetic techniques are widely applicable across Irel:
The ability to employ these techniques, which anéechést detecting graeasimprove the

detection and interpretation of drefeeexcavatiarif implemented correctly.

Bonsall et al. (201dkarly outline the effects of bedrock and superficial geologies on survey date
and the suitable survey methodologies for reducingttloé geplagies and soils on the
interpretability and quality of the survey data. As geology is one of the most limiting factors
geophysical surv8pnsall et al. (201p&a)vide guidance for the appropriate survey techniques

based on the thickness of soils overlying the natural jesottedgil on tekéects of geologies
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on geophysical data is especially imgogadatthe negativeatis some geologies can have

on the detectability and interpretability of archaeological fedadds dsotBonsall (2014)

andFry (2014)rable3 details the effects of igneous, metamorphic, and sedimentary bedrock
geologies on geophysical techniques and how to overcome or counterbalance these effects.
Additionallfablet details the effects of the common superficial bedrocks in Ireland on geophysical
data. The advice presented able3 andTable4 further demonstrates that electromagnetic
techniques are least likely to be negatively impacted by the locsWhepltigidarget features

for a survey are small and likely to create a low magnitude response, as graves are, any backgroun
noise must be minimised either through choice of survey technique or processing in order to improv
the potential for isolatingllsarahaeological featurdus,indicating th&PR and other

electromagnetic techniques should be more widely applied across Ireland.
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Table3: Advice for surveyingypicabedrock geologies in Ire{addpted froBonsall et al. 2014a)

Geology Formation Process Advice for Areas witl Advice for areas wittNear Advice for Areas with  Techniques Geolog
Significant  Overburden ¢ surface Geology Variable Thickness ¢ Does Not Negativel
Surface Geology Overburden Impact
Igneous 1 Basalt Derived from molten rock anc Magnetometer survey is oftet Magnetometsurvey is not The area should be scanned Earth resistance
1 Diorite volcanic activity, creating suitable as the strong magne suitable as areas of insufficie using a magnetometer to idel
1 Dolerite magnetically strong response of igneous bedrock thick overburden will responc areas unaffected by geology EMI quadrature
1 Felsite thermoremanent anomalies  be reduced by an overburder poorly beforeommencirgurvey GPR
1 Gabbro surface geology
1  Granite
1  Volcanic
Metamorphic 1 Graphe Formed bysgnificarglteration Use 0.5m traverse spacing tc Use 0.5m traverse spacing tc Use 0.5m traverse spacing tc¢ Earth resistance
1 Marble of existing rocks through higt increase the resolution of increase the resolution of increase the resolution of
1  Phyllite temperature and pressure; th archaeological features and t archaeological features and t archaeological features and t EMI quadrature
1  Quartzite is potential for strong help discriminatgainst help discriminate against help discrimate against GPR
1  Schist thermoremanent anomalies  geological trends geological trends geological trends
1 Slate resulting from the geology
Sedimentary 1  Carboniferous Derived from fragments of pr. In Counties Dublin, Meath, In Counties Dublin, Meath, In Counties Dublin, Meat Earth resistance
Limestone existing rocks and formed Kildare, Laois, Carlow, and Kildare, Laois, Carlow, and Kildare, Laois, Carlow, and
1  Greywacke through the accumulation anc Louth: Conduct detailed Louth: Conduct detailed Louth: Conduct detailed EMI quadrature
1 Grit lithification of sediment or by magnetometer surveys ata magnetometer surveys ata magnetometer surveys ata GPR
1  Mudstone precipitation from solution at spatial resolution of 1m x 0.2! spatial resolution of 1m x 0.2 spatial resolution of 1m x 0.2
T Sandstone normal surface temperatures In the West and Southwest: F In the West and Southwest: F In the West and Southwest: F
1 Shale (Crook et al. 2018) ) . ) : ) :
1 Siltstone studles_should be carr_led out studles_shoul_d be carrled_ out studles_shoul_d be carrleo_l out
1 Slate determine safile technique(s) determine suitable technique determine suitable technique

and spatial resolutiéntraverse
spacing of 0.5m is recommer
for magnetometer surveys.

Cutearth and thermoremaner
features may be weakened o
suppressed by waterlogging
organic matter and may not t
suitable for magnetometerey

and spatiaésolutianA traverse
spacing of 0.5m is recommer
for magnetometer surveys.

Cutearth and thermoremaner
features may be weakened o
suppressed by waterlogging .
organic matter and may not t
suitable for magnetometer su

and spatial resolutiéntraverse
spacig of 0.5m is recommenc
for magnetometer surveys.

Cutearth and thermoremaner
features may be weakened o
suppressed by waterlogging .
organic matter and may not t
suitable for magnetometer su
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Tabled: Advice for surveying on common superficial geologiettalpednfdoBonsall et al. 2014a)

Geology

Advice for areas where the thickness of the geological layer is kn

Advice for areas where the thickness of the geological layer i
known

Techniques Geology Does Noti
Negatively Impact

Alluvium

Gradiometers can respond very poorly to alluviatstesafistotal
field magnetometer should be used. If carrying out a magnetome
a 0.5m traverse spacing is recomménagaetometers should only t
included in a multethod surveympach.

Increase the probe spacing in earth resistance surveys to assess
below the surface geology.

Auger surveys should be carried out to determine the thickne
alluvium.

A multmethod survey approach which accounts for the penett
the geological layer should be taken.

Total field caesium magnetom
GPR

Earth resistance

Colluvium

If the survey area is small, the plough soil should be mechanicall
if possible, to reduce the masking effects of the geology.

Augesurveys should be carried out to determine the thicknes
colluvium, and if possible, the plough soil should be mechanic
removed.

Total field caesium magnetom
GPR

Earth resistance

Fluvigglacial Sand
and Gravel

Magnetometer survey shotldenelied upon as the primary survey
techniqueénsteadit should only form part of ateahitiique survey

Magnetometer survey should not be relied upon as the prima
techniquensteadit should only form part of ateahitiique survey

EMI (imphase values)

methodology. methodology. GPR
However, if included as part of the methodology, magnetometer ¢ However, if included as part ofdtteodology, magnetometer sur
should employ a 0.5m traverse separation to incredsbttity pf should employ a 0.5m traverse separation to increase the prc
successfully identifying archaeological features successfully identifying archaeological features.
Peat Peat deposit i§ @.5m in thickness: Survey methodology should £ Auger surveys should be carried out to determine the thickne Earth resistance

determined by the target archaeological features and bedrock ge
Table3)

Peat deposit is 8150m in thickness: Survey methodology should b
determined by the target archaeological features and bedrock ge
Tabled). Prioritise earth resistance, detailed EMI, and detailed Gl
surveys.

Peat deposit is >1m in thicknessretoltion EMI survey combined
systematic augering or induced polariBationWiooden trackways

peat.

Survey methodology should be determined by the target arch
feature(s) and bedrock geology &xe8). Prioritise earth
resistance, detailed EMI, and detailed GPR surveys.

EMI (quadrature values)
GPR

Rock (Outcropping

Use aerial photography to map areas of outoedppr@mmencing
geophysical survey.

Exclude areas of nearface Carboniferous limestone and igneous
geologies from the survey

Use aerial photography to map areas of outoedpp@mmencing
geophsical survey.

Exclude areas of nearface Carboniferous limestone and ignec
geologies from the survey

Dependent dhetype of geology
seeTable3
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Sand and Gravel

Magnetometer survey should not be relied upon as the primary s Magnetometer survey should not be relied upon as the prima
techniquénsteadit should only form part of ateahitiique survey techniquénsteadit should only form part of ateahitiique sue
methodology. methodology.

However, if included as part of the methodology, magnetometer ¢ However, if included as part of the methodology, magnetome
shouleemploy a 0.5m traverse separation to increase the probabi should employ a 0.5m traverse separation to increase the prc
successfully identifying archaeological features successfully identifying archaeological features.

EMI (irphase values)
GPR

Silts and Sands

Magnetometer survey should not be relied upon as the primary s Magnetometer survey should not be relied upon as the prima
techniqueénsteadit should only form part of ateahitiique survey techniquensteadit should only form part of atealitiique survey
methodology. methodology.

However, if included as part of the methodology, magnetometer « Howewe if included as part of the methodology, magnetomete
should employ a 0.5m trawasaration to increase the probability o should employ a 0.5m traverse separation to increase the prc
successfully identifying archaeological features successfully identifying archaeological features.

Earth resistance
GPR

Till (Boulder Clays

Detailed magnetometer surveys should alaprefdrable optionhe  Detailed magnetometer surveys should alaprefdrable option

use of 0.5m traverse separations will increase the chances of suc The use of 0.5m traverse separations will increase the chanc

identifying archaeological features for detailed magnetometer sui successfully identifying archaeological features for detailed

Unrecorded magnetometer scannmgsahould not occur on tills ~ magnetometer surveysreorded magnetometer scanning surv
should not occur on tills

Magnetometer

Earth resistance

EMI (quadrature anghiase

values)
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This guidance can also be widely applied where surveys amecbkeitetaough teri@in

human interments. To reduce the impact of uncontrollgbleg.fantdrsover, geology, soils)

the spatial resolutiomafjnetometsurveys should be increasedlectromagnetic techniques

should be used where the gealbgy is not volcarW@hileBonsall (201g)yovides detailed

guidance for surveys in Ireland, a push for the use of electromagnetic techniques over magnetometr
is necessary. Now that mechanised systems for GPR and EMI systam® haveebe
accessible amage often a more manageable size compared to mechanised magnetometry systems,
higher resolutielectromagnesiarveys shoube a requirement. It is understandable, in the west

of Ireland especially, that some sitemthaycessible with mechanised arrays due to the land

cover or layout of the field boundaries. In these instances, it should be recommended that high
resolution manual GR$ked surveys are carried out. In current, giaongceommercial

companies are vdg reliant on mechanised ebased surveys, but their use is still well below

that in the UK.

Bonsall (2014yovides both tabular and flow chart guidance for determining the appropriate
parameters for archaeogeophysical survelmih IiThis guidance, reproduced in flow chart

format ifFigure33 accounts for potential controllable and uncontrollable factors which may be
encountered in the planning and fieldwork stages of Bherojectntrollable and controllable

factors with timeost significampact on survey data quality and interpretability, as determined by
Bonsall (2014are provided Tri@ble5. Figure33is included here as an example of the most
accessible form ofvayr guidance currently available. The flowchart format, while at some points
can be confusing for the usemiie accessililean block text guidance and does not dilute the
information necessary to make an informed decision on the approprisénsianey pa
However, presenting the data in an interactive map format where the user is not required to input th
necessary geological and archaeological factor, as it is provided for them, would further increase th

accessibility of the survey guidance.

Table5: List of primary controllable and uncontrollable factors affects su@egpdeddesBonsall et al.

2014a)
Controllable Factors Uncontrollable Factors
Technique selection Soil type
Data acquisition methods Monument type
Spatial resolution Land use
Competence of surveyors Weather conditions
Seasonality Bedrock geology
Data visualisation Surfacgeology

Sources of interference
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Choice of geophysical survey methods for use on Irish road schemes.

SRy ante Other variables, such as seasonality, landscape, land use, sources of interference etc., should also be
Alernative B" :‘“g DD;""“ET considered, some of which cannot be controlled.
"""".m "‘"‘"""’l Recommended ; the use ‘“;n’ After David et al. (2008), with adaptations.
the contract

Try EM transects across the peat at
Sm transect intervals, 1o

(built up) Rural or semi-urban

mamwm
resistance and/or

""‘""""“'“"m" Peat is 0.5-3,0m deep
o

Try a detailed magnetometer area

survey at a 0.5m x 0.25m spatial
e e s == e
should be used GPR area a detalled (0.5m x 1m]

of nolmo:?nm Try a da (0.5m x 1m) i EM area ( ent
earth resistance area

conductivity & apparent
magnatic susceptibility)

deep (e.g. a yery large ditch, Wom depth)?

Try electsical
I KT ), o
pebabsrd biniils) (0.5m x 0.05m) GPR area survey

magnetic susceptibility)

Weakly magnetic?

very magnetic (e.g. a kiln, fumace or other indusurial deposits)? features (e.g. channels / mi

shallow (less than 1.0m depth) or at unknown depth? ommwem-u

industrial features (e.g. hearths, furpaces, kilns, brck buit structure)

or Sedimentary

diffuse / small scale (g,

. Post-holes / palisades)

unknown leaiure types

Surface geology with magnetic pebble components

Try a detailed magnetometer area
Sul ata 0.5m x 0.25m spatial
Try a detailed . e o
(0.25m x 0.05m) m::vumuwm.-
Try & detaled (0.5m x GPR area survey Insren st e s canael

0.25m) EM area survey
(apparent conductivity

other burmi feature (burnt rmound of stones, building)

Try a detailed (0.5m x 1m)
earth resistance area
survey (Twin-probe,
‘Wenner or Square arrays)

eanh-cut features (ringfort/ enclosures, ditches, pits)

I it the possible site
of fealures greater
than 1.0m depth,
including

Try a detailed (0.5m x 1m) a detased (0.5m x 1m)
arth area

susvey (Twin-probe,
‘Wenner or s‘l- m
or

a detailed (0.25m x 0.05m)
GPR area survey

Figure33 Bonsall et &(2014 p. 11Pflowchart for determining appropriate survey parameters for archaeogeophysical suhielyssrailrgdamebment on user accessibility from
the block text and decision tables provided in other guidelines.
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Guidance on Grave Detection

Bonsall et al. (20p4pvide specific guidance for surveying small scale funerary monuments such
as individual adult burials, crematior@illaridc hi | d r e n 6.sHoweuwer, it ia hotedy r o u n d
that even using the higgolution surveethod suggested, it will still be difficult to detect small

scale funerary monumentbles presents the suggested msihaghiclsmakscalgfunerary

monumeastare likelyvhich required summarisation by the d#sr methodologies are based

on realorld geophysical surveys on road schemes as well as the gr@ohtathtetrel(

2012.

Tables: A summary of thaggested methefdrthesurvey of potential small scale funerary mo(ataptdd
fromBonsall et al. 2014

MONUMENT TYPE TECHNIQUE SPATIAL RESOLUTION
Inhumation Combined earth resistance 0.25m x 0.25m
magnetometry
GPR 005m x 0.5m

Selectantenna frequency basec
suspected depth of the grave

EMI High sampling density
Cremation Magnetometry 025m x 0.5m
EMI (imhase and conductivity)  025m x 0.5m
Cillin Combined earth resistance 0.125m x 0.125m
magnetometry
GPR 005m x @m

Select antenna frequency base
suspected depth of the grave

Recommended Improvements to the Guidance Format

Presenting a combinat i on(DavfdetBlo2G)&rad Eurocpesan gui dan
(Schmidt et al. 20thlidelines in an interactive format will likely encourage the use of such
guidelines, particularly by novices and new profeSsenadilsthgrimarguidancdocuments

provide suitable methodologies for maximigotgriti@ detection rate of expected targets. In
accounting for controllable as well as uncontrollable impacting factors, Bonsaamet al. (2014)
perceive and predict the majority of potential scenarios a surveyor could experience in Irish roac
corridoarchaeologyHowever, tfermat of these guidelines is often inaccéssibésing the
implementation of such guidance in survey planning will improve the data collected in the field, anc

therefore, the surveypratdys abi |l ity to interpr
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Following from the discussion of grave morphology and composition in Chapter 2, the detectal
and geophysical characteristics of each type included as a classifier in the automation tool
discussenh Chaptdd. To further understand the suitability of geophysical techniques for individual
sites and the detection of graves, a discussion of the principles of widely applied geophysi
techniques, data visualisation, and data processing is required.

3.3. Notes on thedfmat of Survey Guidance

Two main approaches to survey guidance have been used in archakpgespiptsiesand

discursivéSchmid2019) Prescriptive guidance can be
example, if the local geology is volcanic only resistivity techniques should be used. Where
discursive guidance allows for more analysis of all contributing facsors tothey and t h

knowledge. Both approaches have their merits depending on the intended audience.

From a North American perspestineers et al. (2008yelopedutomated Tool for Archaeo
Geophysical SUWATAGS). ATAGS is a form of prescriptive guidance which usepan input
method to determine appropriate parameters for d $ueeys of t war e out put s
which the authors define as fant snstrumernt f dec
configuration, dat éomkeetali 2008, paSavellds gdidahcaforpr o c
project management. This survey design is determined by the information provided by the user
rationaleof the survey, soil characteristics, and the nature of the archaeological record). While t
functionality and output of ATAGS are useful for both experpantdsuoveyors, the tool is

limited geographically and by tech8muers et al. (2003, mad¢ that ATAGS is only designed

for use on sites in the Midwest and Plains regions, and some sissuith twed\iiderior South

regions, of the United States. ddrameendations are also provided based on Geoscan Research
instrument settin@omers et al. 2003, p. 3)

Converselygchmidt (2019, p. 86Schmidt et al. (20a8yocate for a discursive approach to
guidance over a prescriptive approach vexpebtation that experts are best equipped to
determine the appropriate survey strategies for sites with ghlilengirgharacteristics.

This discursive approach is suitable for surveyors with a wealth of knowledge and experience ¢
range of t@s Howevert can be argued that less experienced surveyors, local/community groups,
and companies commissioning surveyors would benefit from a more prescriptive approach.
prescriptive approach provides these groups with more detailed goitemceghey to

achieve the same results as an expert. Combining discursive and prescriptive guidance into one

allows all groups sufficient guidance for any survey.
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The survey parameters tool created as paRaidioelset, discussed in d@&taChaptés,
offers a middle ground between prescriptive and discursive approaches. It limits the amount of pric
knowledge required by the user by providuegetsgary background information (e.g. local

geology, land cover, soils). The user is only required to input the site coordinates. The output fol
each coordinate displays:

1 the most appropriate technique and survey density that should be uded sitesurveys
evaluation or characterisation, and potential graves;
any additional techniques suitable for the site;
reference to the relevant detailed guidance document where the user can find additional
information on instrument configurations and tetefcadiilaeological features.

The mostruciabspect of any guidance, however, is that it provides a method for the user to
determine the most suitable technique(s) for a site as the interpretability of a site is firstly determine:
by the technique(s) used and secondarily by the survey density.
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4. PRINCIPLES OF GEOSKAL SURVEY TECHMQ AFFECTING GRAVE
DETECTION

4.1. Introduction

The measurements taken by geophysical instrumentslaaadvigealisationethods are
significariaictos in thesuccessfualetection andenpretation of graves. The degree of processing

on datasets can affect a human interpreter:/
6and Chaptd.2. In contradgarning machines are reliant on the training data they are provided
with. While GPR is often the most suitable technique for the gratezsion isfimportant to

note under which circumstances each techsudfael@ detect graves. In some instances,

regardless of the processing on a dataset, graves are just not detectable by the instrument.

4.2. GroundPenetrating Radar

Groungbendrating radar (GPR) is an active electromagnetic technique which identifies subtl
changes in the electromagnetic properties of subsurfadachatenhddectric permittiaityl
conductivityGPR systems are comprised of a transmitting adtanmeaeaving antenna or, in
multichannel systems, multiple sets of transmitting and receiving antennas. The transmitting ant
emits electromagnetic energy at a frequency determined by the length of the abj@mma element.
encountering variationthéphysical and electromagnetic properties of the subsurface material
the signal is reflected to the receiving antamsal®@wn igure34 The amplitudestioé

wavelets, corresponding to the dielectric properties of the reflective materials, are translatec
numerical armblowcoded foalmost immediateewingn the computer system during survey

Whenmateriakelocities are calculatkd twavay travel timecisnverted from time to depth.

55



Chapter 4: Principles of Geophysical Survey Techniques Affecting Grave Detection

Figure34 Electromagnetic principle of GPR

The first GPR system, albeit a crude one, was used in Austria in 1929 to measure ice thickness or
glaciergConyers 2013Following this, the applications of GPR expanded to geology and utility
surveys in the 197@s)uding work thye National Aeronautics and Space Administration (NASA)
whobuilt a GPR system to be sent to thé@aogers 2013From the mid70shrougtio the

1990s the use of GPR systems, and geophysical survey in general, in archaeological science grev
immensel{Bevan and Kenyon 1975, Vickers et al. 1976, Imai et al. 1987, Stove and Addyman 1989,
Conyers and Goodman 1997, Conyers 2018)e 1990ssignificanimprovements to survey

and data processing cabwutvith technological advances in computer hardware and processing
software. After 1993 the field also saw the first use of amplitude slice msips)latedputer
twoedimensional (2D) mo@@lsodman et al. 1994, 1%8%) 3D reconstructi@enyers 2013)

GPRIis shownto be effedve in locatingpuriedobjectsdependingn theirsizeandorientation
(Conyer20122016Dupra012RichardsoandCheethar@013 RuffelandMcAlliste2015)
Whilatis ofterusednengineeringtilitiesinfrastructurevestigationsyancestal.(1992,1997)
andRuffelandMcKinley2005haveestablishe@PRasaneffectivenethodorlocatindgorensic
inhumationsExperimentalrveysiaveshownGPRto workin peat(ArmstrongndCheetham
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2008)concretéTometal.2008HarrisoandDonnell009Ruffekktal.2014)freshwatechalk,

androck (Dupra2012,Ruffelland McAllisteR015) Detectable subsurface features include
geomorphological changes, large voids, structurahredsaimservices, and burials (dependent

upon the skeletal condition and soil matrix). Recent surveys have investigated the viability of (
in detecting geomorphological fe@@atder and Kennedy 2013, Lanzarone et al. 2016, Zaremba
et al. 2016apuried landforfisGo s ar  a n,dandlervironmera) fedd(lsore and

Ryder 2015)Recent advances in the detection of landmines and improvised explosive device
(IEDs) have amached designing models to improve the rate and accuracy of detecting explosive

which employ neural network andittimgeapproachgingtand Nene 2013a)

During th@ostprocessingtage depth profiles are merged the space between traverses
interpolated to present a tthireensional (3D) rendering of the subsurface material. The 3D
rendering can be dsarkestmatedby caloulasng thecrelativie celodtyeagh t |
the subsurface material and the time it takes for the signal to return to the antenna(s). Once the

are processed, trean beexported as twiamensional (2D) raster data or 3D animations.

A detailed discussion of the machine learning methods and composition of the training datase
provided i€haptef7.2 however, it is important to discusseitieoéfiata processing and
visualisatiaon the accuracy of machine learning n@@elRlslata must be processed in order to
correct for signal travel time, interference, and to view reflections of varying strengths. T
processing, or filtering, ofith& can impactorhe | ear ni ng machi neds al
Different degrees of processed data introduced in the training dataset will allow the machine to |
features in as many variations of processed data as possible. Asmipeyaesdieir data

in a systematic manner across the discipline and there are numerous software packages avail
for data processing, no recommendations have been made to web app users on how to process
datajnsteadusers are notified thatlével to which they survey and process their data will affect
the output of the object detection model. It is expected that experienced surveyors will process
data cleanly and effectiviglycontradess experienced surveyors (the primetrpftéing object

detection tools) may not process the data as thoroughly. Therefore, the training dataset include
this pilot study has representative examplé€shg@pter7.2 of raw, improved, minimally
processed, angemprocessedata, as definedliabler, created in multiple mainstream software
packages. It is underdtthat by not providing the machine with data processed under the same
conditions the intersection over union (loU) and classification accuracy may be impacted, while
accessibility of the tools by less experienced surveyors and surveyors watl@REHDee s

software is improved. Sections ¥2.2.4. provide a discussion of the data processing and
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visualisation factors which may impact on the interpretability of data and are established by the

surveyors.

Tabler: Description of the data processing types used in this pilot study

Data Processing Type Description

Raw No corrections, first stage of data taken from the insti

Improved Gain corrected, gridded to correct offsets

Minimally Processed Background removal, migration, regained

Over Processed Filters have removed responses from archaeological

4.2.1. Signal Processing

Bscans, omdargramaar e compri sed of the specific O6sigr
antenna and the resg® from the ground/subsurface mafBraldata (signals) must be

processetb analyse only the responses from below the 8lwE0B8PR systems record and

present raw data in the field, meaning there are no filters added. Even with gj@yems that dis
gained data may be necessary to fileedatan order to view later arriving reflections, determine

and correct for the relative soil velocity, and rgmaoweated responses. Processed signals
(radargrams) are then merged to be ren@achages, 3D images, or animations. Radargrams

are comprised of the impulse responses from the ground and the signal from the system itself (se¢
Equatiod.1) whereby processing aims to isolate the impulse responses fro(Gtagrannd

and Piro 2013)rhe frequency, amplitude, velocity, and phasing of reflectioorwaaks are

processing and interpreting GPR data. It is imperativepraicese\ararbitrarily apply filters

to datasets as this could produce distontedpretable dgt@aonyers 2012, 2013)

4.1: Composition of radargram pulses
i Q10
i radargram pul ses

Q reflection response of th

Qimpul se response function ¢
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Table8: Description and effects of signal processes on @ERptadafro®reer2018

Process Purpose Effect
Resampling Correct the numbesadns per the usett Sets the number of scans persas
navigation marker to create accurate distance unit to a constant value set
density information user
Gain Visualize later arriving, weakly \ Intensity, or amplity of radar reflectic
reflections increases
Migration Correct for signal spread and subs Removes extraneous hyperbolae
velocity distortion determining t he
Estimate the relative soil velocity bas reflections by averaging the reflection
the principle that broad hyperbolic refl: of each hyperbola in the dataset.
indicate a fast velocity and narrow hyg
reflectios indicate a slow velocity
Hilbert Visualize weak reflections by consider A Fourier Transform (FT) is run on the
Transform  absolute value of the data and connec! pulses, the negative frequencies are
peak responses 90°, and then an inverse FT is run, to
a signal in the positive domain
Background Filteiout horizontal banding caused by Algorithms determine the average wa
Removal noise across a radargram and subtract this
from all in the dataset
Bandpass  Remove noise resulting fronppostssinge 1D FFTs convére radar pulses/signals
Filter gain and signal noise their spectral components (amplitud
phase at each detected frequency)
Spectral Remove noise resulting frorppostssing Normalizes the real and imagspactra
Whitening gai n and Ari ngi ngamplitudes by converting the data u
antenna FFTs and setting the magnitude c

spectral frequencies to 1

Deconvolutic

Minimize the negative effects of pr
processes

Spectral division deconvolution: FFTs «
data to thérequency domain, remove
antennads i mpul se
frequency response of the radargram
frequency response of the impulse, an
the data to the time domain

Cepstrum deconvolution:  Normaliz:
data using a logarithscile.
Predictive deconvolution:  The pre:

signal predicts the succeeding value
radar scan

Resampling

Resampling is applied to correct for the variation in the number of scans per marker; where the s
per marker are the constant nwohbeans set by the GPR in a given unit of time per the user
determined navigation markers (which can vary between surveys due to ground conditions). -
process must be completed before any others are applied to the dataset. In resampling, the nur
of scans per user set distancésgeitto a constant by either reducing the number of scans per
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marker or interpolating the data between scans to create a new, resampled scan. By resampling th
scans, accurate spatial density information can Iseilnsegquant processes.

Time GaiAdjustments

Time Gaiadjustments are necessary in a majority of cases. Most GPR systergaireszbrd

data in the field; although, due to the severity of signal attenuation and antenna frequencies, it is als
recommended that gained data collected in tre riégldined during the processing and,
sometimes, the ppsbcessing stages dependingtloer processes performed on the data
Radargrams, especially those acquired ufieguemcy antennas, will requir@noasissing

gain to visusdi the later arriving, weakly visible reflections. Automatic gain curves, either
exponential or linear an alternative suitable custom gain curve can be applied. The post

processing gain will often amplify any signal noise in the dataset.

Bandpass Filtering

Bandpass Filters are applied after the data are gain corrected to remove noise. byoise is caused
postor ocessing gain and Aringingod or signal no
onedimensional (1D) Fast Fourier Transforms (FFTs) to remove noise from radargrams rather than
the 2D FFT used to remove noistrfresticesee [fuatior.4). Equatiod.2 defines the FFT

in a uniform dimension of the wousidomain, where ¢* "&d Qrepresents the temporal

frequency given in héRao et al. 2011Equatiod.3 defines the inverse FFT in a uniform
dimension of the continuous domain] wheté "@nd"Qrepresents the temporal frequency

given in herfRao et al. 2011The 1D FFT converts the radar pulses/signals into their spectral
camponents (amplitude and phase at each detected frequency). By altering the amplitude of differing
frequengyany superfluous noise can be removed from the dataset orTcomeiciedthe

corrected data to radargram form, an inverse FFT is performed.

4.2: FFT in a uniform dimension of the continuous domain

(A) woQ Qo
p:3
T ¢ Q
"= temporal frequency in hertz

O= time
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4.3: Inverse FFT in a uniform dimension of the continuous domain
N p B
g0 — 85 A A
C Az
1T ¢

"= temporal frequency in hertz

O= time

44. 2D FFT used to remaase from time slices

8UpEh B¢cEB @ipdicU U hE mpBhop ¢ p

Background Removal

Background Removal serves to remove | inear
antenngNeal 2004, Goodman and Piro. 20h8 process uses algorithms to determine the
average pulse frequency across the given radargram and subtracts this value from all values ir
datasefLeckebusch 2003Alternatively, where subsurface features are orientated parallel to the
horizontal bandjmgis recommended the average pulse is determined using data from the entire
site, rather than a singtiargraniGoodman and Piro 2018 background removal processes

are likely teemove any linear features of potential interest to the survey and create phantor
responses and deriving values from the entire site is more likely to mitigate for this. It is ¢
recommended for background removal processes to be applied ts at dditasst the
interpreter to identify slight reflections near the surface.

Migration

Migration serves to correct the signal spread converging with electromagnetic changes multiple t
at various angles, especially in surveys experiencing sitjoal rdgtriing from severe
topographical variatigdel and Bristow 2003, Neal 2004, Orlando and SlobTRi309)
phenomenon will skew theviayatravel time, causing sections of an object to tppeshadd

possibly larger than it is in reality. The manual migration process removes extraneous hyperb:
by determining the fipoint sourceo of the re€
and placing the result at the apex. ddoivisvimportant to ribédthis averaging must be done
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for each hyperbola in the dataset to collapse the migrated reflections into their source hyperbola
(Conyers 2013, Goodman and Piro 20a3)off migration is a reopéisticatadethodised

for archaeological surdata in which the angle of incidence and the depth of the reflective
feature(s) are calculated. These undergo a correction based on an assumed velocity profile resultin
in corrected positional eremg hyperbolae collapsed back to their(Bmaic2004, Conyers

2013) Less common migration algorithms include FK, Stolt, phase shift, and finite difference, though

they typically prodgamilar resulfseckebusch @® Goodman and Piro 2013)

Migration can also be used to estimate the relative velocity and dielectric constant of the subsurfac
material across the entire dataset based on the relative velocity of the seibgrtdatred two

time (see Equatidb). Manual migrations fit comgeiterated hyperbola of known velocity to
hyperbolas in the dataset to calculate an overadpecHieaelocity. Collestihgeity data in

the field is the most accurétewevecomputegenerating valudgringorocessing is a quick

and easy method, which is accurate dependimyioiéoé reference hyperbolae available in

the datasdConyers 2013Yelocity calculatisnbased on the principle that broad hyperbolic
reflections indicate a fast velocity and narrow hyperbolic reflections indicate a slow velocity. Migratin
data or using incorrect parameters for migration will cause phantom reflections, though these wil

appear markedly different from true ref(@dtiman and Piro 2013)

45. Twoeway travel time

y cl7l<b‘—¢
0
4 twoway travel time
w horizontal distance to the
& depth to the subsurface

O microwave velocity in the

Spectral Whitening

Spectrabhitening is similabémdpass filtering in that it removes noise, but the real and imaginary
spectral amplitudes are normalized by converting the data utilizing FFTs and setting the magnitude
of the spectral frequencieg@otbdman and Piro 205)ectral whiteningpasticularly useful

when processing data collected from multichannel systems as it serves as a secondary method o
signal balancing.
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Hilbert Transform

The Hilbert Transform is expressed mathematically as a function of the frequency of the radar pu
wrere a Fourier Transform (FT) is run on the radar pulses (se46gqtegioegative
frequencies are shifted 90°, and then an inverse FT is run (sd€)Edoh#oason 1999)
This serves to create a signal in the positive domain and represents the envelope of the recor
pulsg(Goodman and Piro 20nply, the Hilbert Transform (see E48patierves to rectify
the signal such that only the absolute value of the data is considered and the peak responses

connected, where it is necessary to visualize strong or weak reflections.

4.6. Fourier Transform

" E BEOCE E

4.7: Inverse Fourier Transform

Vi A OmIA A

A A

u= frequency

4.8: Hilbert Transform

~ P Gz
O T B z
z timelag

Deconvolution

Deconvolution serves to minimize multiple reflections or echoes, and the effects of the transmi
pulses from the antenna. Spectral division deconvolugorEilimesonvert the data to the
frequency domain and removes the impulse freqherayterirta by dividing the frequency
response of the radargram by the frequency response of the impulse4Searthueateting

the data to the time domaiywsi inverse FEFoodman and Piro 2013)e downfallusing

this method the uncertainty of the antenna impulse signal. Alternate deconvolution method:
include cepstrum deconvolution and predictive deconvolution. The cepstrum deconvolution me
is similar to spectral whitening in that it normalizes the data buttbhees adalgarather than

setting all values to unity to smooth the spectral amplitudes and balance the spectral frequen
(Goodman and Piro 201f3Joes, however, require gain renormalization as the spectral amplitudes
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will have shiftedPredictive deconvolution, as the term suggests, utilizes the preceding signal to
predict theucceeding value in the rada{&wdman and Piro 2013)

4.9: Spectral division deconvolution
c 'x —

"Q value in the frequency
00 ground response
YO frequency response of r a

o} frequency response of tran

4.2.2. Rendering

Processed data can be presented as 2D or 3D plots, animations, and overlain on other geophysice
and remote sensing data to construct a full characterisation of a site. In 3D rendering the space
betwer radargrams is interpolated; as such the first step to preduaiity ragter outputs is

to collect higksolution data in the {leédkebusch 2003, Verdonck et al. 2015, Green and Holmes
2017)

Krigindnterpolation

The primary methods of interpolatveehbetata are kriging and inverse distance. Kriging solves

an inverse covariance matrix to abate the error between data and interpolated points based on
weighting, often producing superior {@soltknan and Piro 201®Jeighting is determined by

the inverse covariance matrix of all searched point in the estimate and the vector containing point:

in the search radius (see Equiti@n
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4.1Q Kriging

x  weighting

W range at which covariance va
w nugget effect which provides
Q@ di stance between points

w ® sill which describes the valu

w i nverse covariance matrix of

Q vector containing points 1in

Inverse Distance Interpolation

Inverse distance interpolation is faster and more mathematically simplistid.(sedfruation
nearby points are averaged to estimate an interpolated goant, thasdistance to the
interpolated point. Weighting is proportional to the inverse square of the distance between a kn

point and the estimated p@obdman and Piro 2013)

411 Inverse distance interpolation

0 Q

Q
B 0

A distance

o £
Q
W di stance between nearby point an

i smoothing factor (usually

As demonstrated hereafter, particukigyreB5and Figure36 the processing applied to data
affects the data quality and visualization, thereby potentially changing the interpretation of feat
in the data. The processing of GPR data is especially important in this project. The machine ini
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learned on ralscans (radargrams) as a control to minimise the effects of data processing.
Minimally processed (migrated and regained) data were then introduced to the training dataset witl
negligible change in the model accuracy. As the machine is leatggexbditeof within

a size and shape range, the accuracy of the model is unlikely to be affected by processes that wil
not affect the overall shape of hyperbolae in theydatanges in accuracy Vikelya result

of the random split of theseéatato training and test datasets rather than the introduction of
processed datblowever, any processing that affects the size and shape of hyperbolae will reduce
the accuracy of the feature detection and clasdbatiprocessing and presentaimore

likely to affect the interpretatiGscdnst{meslicgs Over interpolated or smoothed data will

obscure small features, like graves, decreasing the accuracy and confidence afdoth human

machinded interpretation.

Additional Correnso

Once girds are interpolated, grids mayfrethemestaggering if data was collecteezagzig
or Global Positioning Systaoked (GPBacked) mode, and data collected over multiple days
may require mosaic correction to reduce the effediteahedsture content, weather conditions,

equipment settings, and geological contrasts acr@snysite2013)

4.2.3. Visualization

B-scans

B-scangalso callechdargramar depth profijeme 2D representations of an individual traverse

thus all additional renderings are based on the radargrams. The radargrams provide valuable
information about the amplitude and depth of responses. Profiles are particularly useful for viewing
hyperbolieflections during the interpretation stage of. arterpeyfileshouldstillbe viewed

in conjunction with slice maps-Yadrxce plots are viewed alongside greyscale plots when
interpreting other geophysical data to obtain a view of the entire si

C-scans

Timeslices (also callest@nsor amplitude mapse blocks of data at a specified depth below the
ground surface created from small sections of horizontal tiates|cdEdhese demonstrate
the scale and spatial distribution ohsespin a given area or across an entire site. Rendering

data this manner allows for a plane view of any responses of interest and pusedestithe end
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3D data. Maps can be presented as a single slice or a series of stacked slices that demonstrate
change in an anomaly with a change i(Gleptars 20165lice maps are the most common
method of visualizing GPR data as they provide a 3D representation (top, side, and front views)
site at depths set by the user. The slice thickness and overlap avsesetidydhean be

altered to target specific depths. ti@westicebave been created, they can be interpolated and
transformed into an animation and isosurface matrix. Animations-adentthéseradize the

changes in the subsurface mateadiime, which aids in identifying subtle changes and patterns

that change with depth (e.g. sloping features, stratigraphic layers)

Examples of stationary presentations of GPR data areFsipareBSiranimations of the

transition between slices from the ground surface to the end ofdheatiatdmetreated. It is
important to consider the range of methods used to display GPR data asgpoins@zadual

present differently in 2D and 3D forms.
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Figure85 Examples of GPR data formasdyscale timies B:Coloutimeslicena 3D matrjxC:3D
isosurfaceD: Greyscalmfilteredadargram)

Modelling and Simulation

Modelling and simulatiamedeveloped since the 1990s when Dean G(isutvdamaret al.
1994, Goodman et al. 1995, Goodman and Pimea@d@)software to simulate the GPR
signatures of archaeological features based on their known or expected electromagnetic ¢
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morphological proper{@snyers 2016By establishing parameters suchasise dielectric

permittivity, conductivity, and morphology, 2D reflection profiles are producdg from artificial
simulated wave pai@onyers 2016, Warren et al. .20%6nulated models are useful in
demonstrating how a buried object may present differently within a rangbaukgealmgical

materials and weather condii@msyers 2012Y0f importance to this research project are 3D

models as they can be used to calculate the volume and represent the morphology of anomalies o
interest It is important to note that the accuranylatesi models is entirely dependent on the

quality of the known values used to create the model and present an idealised representation of &

feature.

Isosurfaces

Isosurface rendering generates 3D vector data which represent points in space of a measured
constant valuén GPR datthis is often the amplitude of reflected waves. Visualizing data in this
orientation is particularly useful for isolating responses of interest. As isosurfaces can be rotated an
viewed from any angle to show all aspecisnoimaly, they areraciatool in representing and
understanding the full extent of buried objects. Isosurfaces can be importegitéo computer
design (CAD) programs to be georeferenced and combined with Geographic Information Systerr

(GIS) data drother forms of geophysical data.

fiData Fusiono

Data Fusion and medtinponent integration allow thasendo merge data from a range of
geophysical techniques, remotes sensing, and spatial datasets into one GIS. As most geophysica
techniques measwnly one property, combining data to createcmpaitient dataset can

increase accuracy and confidence in interpretations. This is key when visualizing and interpreting
GPR data which often contain an overprovision of anomalous responsieg by tigaligs

of archaeological potential hidden amongst-tlrgetoresponsesKkvamme (2007gs

discussed tmeerits various integration approaches, such as mathematical and statistical operatives
(e.g., Boolean union, Boolean intersection, thresholded binary sum, principal components analysis
k-means cluster analysis, binary logistic regression), compsteolgtapts (e.g., 2D overlays,

RGB colour composites), and vectorised interpretative integration. The integrative approach taker
is dependent on the types of data to be used. A simple 2D overlay or 3D composite is suitable fo
viewing most geophyseoal spatial data. Statistical and mathematical approaches may be

necessary when integrating data which meascoeapaoable properties.
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Data Presentation

GPR data is presenteedagreenplue (RGB) value colour scales or greyscale. Theleolour sca

is particularly important in presenting GPR data, in part because of the range of responses and ¢
variations in measured amplitudes often encountered {€dayasst®012M\pplying a colour

scale based on the standard deviation from theanmeae isffective presentation thigfe

assigning the colour scale based on the range of values in(Beathtesetind Piro 2013)

Plotting in colour helps to visualize weaker responses as there are more colour assignme
availableHowever, colour scales tend to produce contrasts in theathaigisenot exist. In

greysale, data is plotted with equal weighting on all reflections but often causes weaker reflectic
to become obscured in datasetshvihdganggGoodman and Piro 2013)

The colour scales relate to the amplitude
nor mal i zat i on as sbhown igaré86 dn relative dornfalzatioms colours are
assigned relative to the highest value in each time slice. Weak responses are easier to viev
relative normalization, but responses are pitatyddtrosisneslicesPlotting in absolute is

similar to display clipping magnetic or resistance data, whereby responses are colourised \
respect to the maximum and minimum values of the dataset. This method produces a m
consistent scale, lidtecomes difficult to visualise weak refl@¢telest practice is always to

view the data in both aspects to interpret the origin of anomaloaxcespehgses

all3: 215-387mm all3 215]33'1‘"\'\ ,

| | 1 | |
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Figure86 A comparison of absolute plotting parélefetensd relative normalization plotting parameters (right) for
GPR data. In this d#ia lowest amplitude responses present noticeably different bettiees|tbesthde
the highest amplitude responses remain the same visually.
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4.2.4. Interpretabn

Interpreting GPR data is often considered more complex than othdCteofers| Rl 2

Goodman and Piro 20p3ytially due to the nuances of processing the data but also the sheer
number of objects GPR can detect. It is important in interpreting the data to not only look for
anomalies but to vi ewrlovreflecdon tan bees téllipg as startkr e 0 ¢
high amplitude responses. The interpretation of GPR data is entirely reliant on characterising the
amplitude, depth, and morphology of a response as there is no linear representation of entire
datasets as thasein other geophysical techniques. While many advances in GPR data collection
and processing have been made in the last 20 years, further enquiry is necessary to grasp its
applications to archaeological investifatioridotablythe effects of traverse and sampling

interval size on data quality and the ease and confidence of data interpretation require exhaustive
analysis. Analysing these fa@orsall, Gaffney, et al. 2013, Bonsall et al. 2014, Verdonck et al.
2015)will aid in creating standard workflows necessary to improve data interpretability and overall
survey quality. Standard guid€aesd et al. 2008a, Bonsall et al. 2014, Schmidt et al. 2015)

require caveats for GPR survey as there are nuances which can reduce the glaadity of survey

Processing of the datdikely toaffecch umansé abi |l ity to identify
background and general noise in the data can detract from the interpretability. In machine learning
however, the machine will learn from all dadaided pith. This allows the machine to learn on

a range of clean to noisy data, encompassing the varying data it may later be asked to infer on.
this projedhe training dataset includes a larger proportion of data that were only bandpass filtered,
less data with bandpass filtering and background removalfearetdet@rwith bandpass

filtering, background removal, and migration. It is expected that thereafiilbbere&adee

accessibility of the tool for a range of data typesdihleyels, and the accuracy of the trained

model. To account for any potahteiseffect®n the accuracy of the trained model, any noise

and horizontal striations igqrakhkeddataswete i
madine that these image features should be discarded and not learned as graves. Overall, this will
allow forbroaderaccessibility and applicability of the machine learning tool, both in the
archaeogeophysics profession and among amateurs. Furthenflit®issiining data and

processing steps are provided in Chapter

4.2.5. Detecting Graves

GPR has proven one of the most successful techniques for detedzimydnatiarobaeological
graves. Most recently, the survey of Fountains Abbey, Ripon, North Yorkshire, achieved clear,
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successful resu{@Gaffney et al. 20141@) Individual graves were delinaateel!l as the
situsoil matrix between burials in the GPRGaffegy et al. 2014, p. P@lditional sucstd
applications of GPR for detecting graves are discussedliarich@pegotdrl

4.3. Supplemental and Secondary Techniques

In the scope of this research project, secondary techniques are those whose data are not the prit
focus of the analysis software. This, howevy,state that in commercial and research survey
these techniques are used as supplementary surveymstthadtsese techniquparticularly
magnetometry, are most tfiesemplementdidst n waorelad 6 geophysical s

Supplementasurvey techniquese those techniques wieh beeffectivelynplemented
alongside GR&improve the detection of archaeological features. Thesatedhtriogesed
in Section$.4-4.6 Employing these techniques in-methlbid survey approach often improve
the confidence in data interpretaticare especyaliseful in identifying areas to target with high

resolution GPR survey

4.4. ElectromagnetimductionMethods

Electromagnetic induction (EMI) methods, also called low frequency electromagnetic (LFE
methods, measure the apparent magnetic suscepilmlgy électromagnetic signals) and
apparent electrical conductivity (quadrature electromagnetidhagsailf)asfenport 2001,

Schmidt et al. 2015)Conductivity, being the real component, is the measure of the amplitude of
the received waves in quadrature phase. Conversely, magnetic susceptibility, the imagin.
component, is the measure of the amplitude of the received wapkase Bkl lirsystems

operate with separate transmitter and recéyefMaeilransmitteroil act to propagate an
alternating magnetic figlgporimary magnetic figitich interacts with the soil to create electrical
currentsvhictcreate a secondary magnetic Tietdprimary magnetic field is nulled electronically

or by the orientation of the receiver coil(s), such that any changes in the primarynéleld or the grc

(eddy currents) aneasured by the receivin@)coll

4.4.1. Arrays

EMI systems come in Slingram andotimaén arrays, both of which are active techniques. In
Slingram systeytise coil separation and orientation determine the maximum depthmf investigatio
(Saey et al. 2013Jonversely, in tidwmain systentse depth of investigation, or measurement

envelopds dependent on coil size. Recently produced systems can simultaneously record da
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from different coil separations and orie(Ei@medt et al. 201BMI systems are similar to
other electromaggic techniques but operate kidtheangeSelfnulling wnitireceiver systems

offer a minimum of two coil pairioge in horizontal coplanar dipole (HCP) mode and one in
perpendicular dipole (PRP) mode (Sae30&8al Rotating the instrud@hwill convert the
instrument from HCP mode to veoptahafVCP) modelt is important to note how the how a

change in the orientation of the coils wild/l
features.
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Figure7. Relative response feamaterial at different depths for aailuiM| system in vertical or horizontal
dipole moddIicNeill 1985, p. 3)

Only quadrature values are discussed herpineae imeasurements are not reliable or sensitive

enough to be suitable for detecting gvllies. operated in the vertical magnetic dipole mode
guadratursensitivitynitiallyincreases relative to depthsignal penetration, thus overlooking

materials near the ground surface. In the horizontal magnetic dipole mode, relative sensitivity is
highest at the ground surface and decreases as depthi{Muxegt€980, Geonics Ltd. 2003)
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4.4.2. Archaeological and Forensic Applications

EMI surveys can delineate large earth features, e.g., remnants of mounds and backfilled ditc
(Bevan 1983)in a forensic respect, EMI surveys can locate metallic objects relating to weapon
and the disturbed ground of recent (Rasaport 2001, Richardson and CheethankR013)
systenperformanceasfected by coil orientation, coil separation, coil size, and soiFproperties.
archaelogical targets, quadrature phase data is most uggfakagnmagnetic susceptibility)

data is often unreliable and unable to detect the slight variations in susceptilbdity necessary
interpreting archaeological features.

4.4.3. Detecting Graves

Bonsall et al. (2013a23h)andBigman (2012, p. B&ye both successfully used EMI to detect
modermand earliggraves.Bonsall et al. (2013&233) conducted an EMI survey using the CMD

Mini Explorer multireciever EM at the Asylatar¢at High Royds, West Yorkshire. The EM
survey delineated modern graves (interred betwEe®)8%de quadrature anpghase data,

with the grave more clearly defined in the quadraiBomshdteet al. 2013a224225) In
comparison with #earth resistance and magnetic surveys previously undédékey and

Gaffney (2011he EMI survey was able to define the extent of thieanlgBemsall, Fry, et

al. 2013, p. 22%)owever,did not delineate the related structural features which are identifiable in
the earth resistandatgBonsall, Fry, et2013, p. 225)

From a North American perspaitinean (20)2. 3} carried out an EMI survey to locate graves
withna Native American funeral mound in Georgia, USA. Burials at the site are known to date
AD 900 AD 1100 (Missigsgn occupation) and AD 168D 1720 (Creek occupat®igman

2012, p. 33 The survey identified several low conductivity respaediehat@resentative

of graves within the funeral m@ignian 2012, 13).3

4. 5. Earth Resistance

Earth resistance techniques measuredtieadl resistance (the inverse of conductance) of a
subsurface matrix (s@§ sucha grave or other target objectaraagta significantly lower or

higher resistance value compared to the surrounding survey @twvirarraadtMartin 2002,
Cheethm 2005)Resistance and resistivity (the inverse of conductivity) are useful in detecting larg
stony structures, and graves backfilled with stones or containing remains wrapped in polyth
(Hunter and Martin 2002, Gaffney and Gater 2003, Schmidt 2013)
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i >20x Mobile Probe Spacing {
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Figure88 Principle of the twin probe emiftance array

Resistance techniques measure the ability for soil or other material to allow an electric current to
pass through és shown Figure88 In praee, resistance meters are detecting the presence or
absence of interstitial water and salts present in the soil. The current flowing through the material i
in proportion to the potential difference, or voltage, that is used (4eE)EQadiray and

Gater 2003, Schmidt 2013) Thi s fl ow of current i's descri
resistance (R) is equal to the change in voltage across a material (V) divided by the current flowing
throughad material (I, measured in amperes).

4.12 Measure of current flowing throaghatrix

YT T 0T

6 voltage across a material

It is important to note that these resistance values are bulk measurements, and therefore rely on thi
type and volume of material the current is propagaté8c¢hroiagt2013Resistivitpn the

other hand, will measure changes in material itself irrespective of its volume.

4.5.1. Detecting Graves

Schmidt (2013, ppi®2 8§ discusses the application of earth resistance in the survey of a
suspected cemetery in North Yorkshire. While the discussion is more specifically about the effect ¢
electrode separation on the size and distribution of resistanceSahomuil(@913, pp. 62)

present an examplea grave cut which was successfully delineatéd/bprobe array, the
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response from a grave is commonly-angéakgh, or triplet, response with two negative and
one positive compon€Bthmidt 2013, p..88)

4.6. MagneticTechniques

Gradiomgts y st ems detect changes in the Earthos
a gradient between two sensors situatetd Inbiagpart vertically and operating in the range of
2kHz (Hunter and Martin 2002, Aspinall et al. 2008, Schmidt et aBremEs) (B1)
demonstrates the proficienayrazfiomet surveys within smalhd mediwscale forensic
investigationsWhile gradiometry is one of the widsly usetechniques in commercial
geophysics, the implementation of this method to detettdawilgldependent on the survey
environment. It is adversely affected by ferrous objects in the surrounding area and has a maxi

potential depth of investigation af by

Magnetometry systems operate on the principle that objects and inetenatsntagnetised

through natural or anthropogenic processes. In archaeology materials primarily become magnet
throughremnantmagnetisation or induced magneti¢aspimall et al. 2008 Reranent
magnetisationftenthermoremanence, occurs when randomly oriented neighbouring magnetic
domains become heated above their Curie tempauatngethem to become paramagnetic.

After the materials cool, the domains reform around the newly aligned magnetic moments;
causes aignificardifference between the heated, thermoremanent materials and the backgrounc
materialAspinall et al. 2008%trongemduced magnetisatmecurs because iatreased

magnetic susceptibility as iron oxides in the soil undergo redediodadond. In an
archaeological context, these processes often occur through heating and burning or the depos
of heated deb(&spinall et al. 2008)

David et al. (2008and (Bonsall 2014jlentified theffects ofgeological responses
magnetomstsurveg and how these may affect the quality of the data. A review of the responses
is presented Trable9 to demonstrate the usabilitlgagnetic techniques in the UK and Ireland.
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Tabled: Response of geology in magnetometryadapéyd froBavid et al. 2008a, Bonsall 2014)

Geology Response in Magnetometry Survey

Igneous Thermoremanent effects can preclude survey over sorr
rock types; however, othmelatively unaffected

Metamorphic Experience so far suggests that thermoremanence is nc
significant problem and magnetometer survegftectibdut
beware of adjacent intrusions

Sedimentary: Magnetometer survey can be recommended over any S
geology. There are few significant distorting factors altho
range of magnetic susceptibility in the parent rock result
varial#d background response to survey

Conglomerates/Grits/Pebble bec Response is average to poor, but good in places

Sandstones Average response is poor

Limestones Response is good

Mudstones/Clays Average response is poor

Drift: Quaternargleposits overlying the solid geology are a

consideration. They often show a high degree of logalna
the magnetic response usually dapeitte magnetic mineral
of the parent solid geology.

Sands/Gravels Response is very varialgjeod on materials derived from Ju
limestones, moderatgpood in soutfentral England and\itest
Midlands

Coversands Response is uncertdipoor

Boulder clay Response is generally poor

Claywithflints Response is good

Brickearth Response is ?pda@verage

Alluvium/Colluvium Response is pesrerage, dependindgratepth of features bel
this material

4.6.1. Detecting Graves

While magnetic surveys have proven successful in detecting cremation buiraisedisedo their
magnetic contrast gmstning, few surveys have been successful in delineating inhumations
Notably, howevérinford 2004, p. 1i®ntified that, while potentially difficult to interpret, there

was localised magnetic enhancement related to individual inhumations likely as a result of microbie

colonisation within the grave in archaeological contexts.
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Gaffney and Gaffney (20&t¢ also successful in delineating graves in magn¢Boissaliey

Fry, et al. 2013, 225) A fluxgate gradiometer survey detected individual graves within a modern
cemeteryinterment between 18969) with more success than thertle earth resistance

survey, but with less clarity than the EM(Bongayl, Fry, et al. 2013, p. 225)

4.7. DataProcessig

Survey can be traditional gridded surveys or GPS tracked surveys, which either continuously
intermittently record ddtatraditional gridded syreege grids have been assembled into a

compositehey can be processed.

Depending on the surveyhoust, data will require improvement or processing. Improvement is
limited to correcting defects resulting from the effects of the chosen surveys methods during «
acquisition, such as destaggering, drift correction, edge matching, Zero Megetfloayerse cor
and despikif@chmidt et al. 201%nproved datan then berocessed, or filtered, to enhance
anomalies of archaeologiqadssiblarchaeological origin without introducing additional noise to
the dataset. It is often appropriate for magmdticteomdagnetic data to be interpolated and low
pass filtered, and for resistance data to be interpolated and high (@xduritder2e01)

However, it is important to note that processing can change the size andosisape of resp
Processed data da@ exported and plotted as 2D and 3D georeferenced composites to aid in
rendering and visualisation of interpretation diagrane$eaed maximwrale of 1:1000

(Schmidt 2001, David et al. 2008a)
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Tableld Uses and effects afvamtionalata processéadapted froAspinall et al. @8 Schmidt et al. 2015)

Process Use Effect

Interpolation Smooth the appearance of greyscale Increases spatial density but not the numb:
where coarse data collection parame realdata points
were applied in the field

Highpass Remove the effects of laogde A weighted local average is calculated arol

Filtering geological trends and substantial var data point (background value) and is dedut
in the topsoil magnetic susceptibility from the central reading to allow narrow, st
allowing archaeological anomalies to wavelength anomalies to become more

become clear prominent
Lowpass Remove spikes, smooth the image, ¢ Changes value of a data point by calculatir
Filtering improg the visualisation of weak average value within a block of Siawaoths th
anomalies image, weak anomalies become more visit
Despiking Remove random spikes within the da Value of selected data points are replaced
caused bferrous contamination withir 6 nor mal i sedd val ue,
topsoil and instrument instability surrounding data points (background value

Destriping  Correct theanding in zaag surveys A constant value is subtracted from the affi

(Zero Mean resulting from the directional sensitiv: traverses, so their mean is set to tesaan

Traverg) magnetometers obscure linear anomalies or remove those
to the affectedverses

Destaggerinc Correct offset readings caused by  Traverses are shifted

di fferences in ¢t
topographic variations
Edge Correct variations in the background Mean or median of each grid is set to zero

Matching between grids caused by the effects another common value)
changes inrgperature, soil moisture
content over long survey periods

4.8. Rendering, Visualization, and Interpretation

Data plots can be rendered in 2D or 3D greyscale and RGB colour plots. Greyscale 2D plots are th

most common presentation for archaeogeophysical survey data. The 2D plots are especially useft

for interpretation when accompanied togce plots. 3&lief diagrams incorporate the 2D data
and a 3D relief of the trace plots into a singular diagram. If data were collectesteisiag a multi

EMI system or multiplexed resistance system additional 3D plots, similar to 3D GPR data plots, cal

be createtb render isosurfaces and for use ioamydtnent integration rendering mgghegs
etal. 2013)nmur ecei ver EMI data, particularly,
(determined by the apiplareepdr &t ecns) ctad
susceptibility values, given Equatl@¥sl6which are solved using Leveibemuardt non
linear leastquares algoritiiiMarquardt 1963, Saey et al. 20133 allows the interpreder

isolate features at approximate depths.
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4.13 Apparent conductivity (ECa) in horizontal coplanar mode

%wtrA 2 U 2 U %t 2 U 2 U %t p 2 U %&

4.14 Apparent conductivity (ECa) in perpendicular dipole mode

%trA 2 U 2 U %t 2 U 2 U %t p 2 U %&

4.15 Apparent magnetic susceptibility (M&aprizontal coplanar mode

-3A 2 U 2 U-3%3 2 U 2 U-3% p2 U-3

4.16 Apparent magnetic susceptibility (MSa) in perpendicular dipole mode

“3A 2 0 2 0U-3 2 U 2 U-3% p2 U-%

As with GPR data, nmalteiver EMI and multiplexed resistance datasets can be formatted as
animations. Magnetic, EMI, and resistance data are commonly integrated in data fusion or m
component data integration plots. Overlaying these datdavithtspatjrapldata or aerial

imagery can improve the interpretability of data.

4.9. Applications of Archaeogeophysios General Site Evaluation

Since its inception geophysical prospection has been applied to a range of archaeological sites,
préehistoic to modern, all of which have limitations on data interpretation. It is iefhattant to not

a geophysical survey is only as good as the survey parameters employed, the local geology, :
most importantly, the surviving archaeology. PreHisteclogrooften proves difficult to
geophysically detect, even thasgitated lyaffney and Gater (20@@historiaghropogenic

activity is relatively simple compared to that in later history. As the majority of prehistoric archaec
i's consi der ed , where tpatures are cutaintoctte swsoll, begirpck, or earlier
deposits, geophysical prospestiseful for strata definition and identifying palaeochannels, field
systems, settlements, settlement enclosures, and burial sites. It is agreed that the most suit:
approach for locating these featameagnetic survey (e.g., fluxaatesium gdiometry) due

to the silting up of cut features and the increased potential for areas of rep8aféueipurning

and Gater 2003\lthough, additional techniqoatisiot be discounted where features are likely

to be more than 1m below the ground surface or require increased sampling in one or both direct

Detecting early historic archaeology (Roman archaeology in British contehtsstiand pre

archaeology Irish contexts) is markedly easier and more likely to be detectable compared t
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prehistoric and later historic archaéGliflyey and Gater 2008Bhe considetalmagnetic

enhancement of features allows for probable detections using magnetic systems, while the increase
use of stone in buildimgthis historic perisbettedetecteavithGPR and resistivity systems.

The archaeologytbisperiod often fmNs an established pattern which allows the surveyor to
interpret archaeological features and their significance in geophysical datakendore

confidently It is positdoly Gaffney and Gater (2G03j the majority of geophysical surveys,
especially those in the UK, have been carried out on sites of this period, proving the great success
of the majority of gemitsl techniques in detecting features from this period as well as improving

the confidence in interpreting such features in future surveys.

Geophysical prospection has had mixed success innuedéstsdgnd posRoman to early

modern archaeology. As is often the nature of ecclesiastical sites, they leave behind little to no
enhanced magnetism, stone foundations are not guaranteg@taighey require an intensive

sampling strategy during survey to maximise their detectiq@ aitriegtiahd Gater 2003)

Other archaeological features, such as ridge and furrow ploughing, land drains, and some militar
sites, are much easier to detect due to more magneticeehhe®wereying archaeology of

these periods relies much more heavily on documentary evidence and a high +esolution, multi

technique approach to survégiaigney and @ak003)

4.10. OveralDetectability of Graves

While improvements in equimaesitivitglata logging capabilisesisurveynethods have led

to a slight improvement irpthential to detastmarked graves, the methodologies employed
today still fadhort where remains are fully skeletonised and the burial container has deteriorated
(Killam 1990, Moffat 201%aumations are unlikely to be detected usirggalarge
reconnaissance methadten used in commercial archaeogeophysical surveys, and therefore

require precisgghresolutigrhighdensitylata acquisition.

Where the orientation of the grave is Gnassumedt isessentiatraversesre aligned

per pendi c ulloagest axisvithtersdraveysaad\sanplagterva. The maximum

traverse spacing as suggestddolfiat (201,38 onsall et al. (201d4hdGreen (2011 0.5m,

with a maximum sampling interval of 0.25m for magnetic and resistivity techniques and 0.05m fol

electromagnetic techniques.

The grave cut for anlggravastypicallg. 2m 0.5mwith some variation dependiff@aoffin
or other burial contamas usedPremodern gravaseoften simple earthen dug gravesoor
coffin burials. As graves are often dug and backfilled within isowwosndeserable magnetic
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enhancement in the grave fill. However, a grave cut may be identified by a contrast in the elect
conductivity of the grave fill and surrounding material caused by increased moisture retention
more elaborate gravesgtigepotential for grave goods, coffin nails, and other remains to produce
a magnetic responstowevethese responses are unlikely to be interpreted to asgbaiated

grave without evidence of grave markers or a grhveenlggravesare muclsmaller and

nearly impossible to detect where there are only cuts for individual graves.

Cilinair e chil drends buri al grounds, whfor ch of
unbaptised children. It is unlikely any geophysical techetiegtenvdiVidugiavesrather, if

present, the enclosure ditch or wall is likely to be detected. As with adult inhumations, there i
measurable magnetic enhancement of the grave fill, but grave goods may produce a magn

response.

4.10.1 Associated Archadogical Features

Stonework associated with graves will often contrast with surrounding materials when us
electromagnetic and resistivity technifjbissis due to the compaction of the material and
difference or variation in the conductive piogteréen the local geology, soil matrix, and stone.
Stone can also cause moisture variations which would be easily detected by resistivity and sc

electromagnetic techniques depending upon the salt content of the retained water.

4.10.2 Effectsof Soil Charactetics on Detectability

The primary factors in determining whether graves can be detected or easily identified are
physical and chemical properties of the surrounding soil matrix. Low conductivity and hig
permeable soils are often the most doitaBRR survey because they optimise the maximum
penetration depth of the radar signal and reduce signal loss and strong reflections from stanc
water and waterlogged s@ilsile most archaeological graves are shallow (less than 1m below the
originaground surface), there are instances where rubble or modern madeegteuadick
overburden over the original topsoil. In both stemasmls and moisture content have a
significanmpact on the success of GPR detecting graves.

Soils are comprised of sand, silt, and clay particles. Sands are particles of quartz, feldspar, and
thatrange in size from@02mm. Silts are particles of quartz, feldspar,thattangain size

from 0.02 0.002mngOsman 2013)Clays are particles of minerals such as kaolinite, smectite,
vermiculite, illite, chlorite, and hydrated alamghitem oxides which are less than 0.002mm in

size(Osman 2013poils are further defined by tkigiret@nd compositiéor example, loams
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are soils which have an equal representation of the properties of sand, silt, and clay (approximatel:
40% silt, 40% sand, and 20%(Clagjan 2013)

Tablell Size and properties of soil pa(tdigsted fro@sman 2013)

Soil Particles* Diameter (in mmr Soil Particles**  Diameter (in mmr Properties

Coarse sand 2.060.20 Very coarse san 2.001.00 Little or no capacity to |
t trient
Coarse sand 1.060.50 water and nutrients
_ Bind to other particles
Medium sand  0.500.25
Loose when wet
Fine sand 0.200.02 Fine sand 0.250.10
Very loose when dry

Very fine sand  0.160.05

Silt 0.020.002 Silt 0.050.002 Low to medium capacit
hold water, nutrients,
other patrticles

Clay <0.002 Clay <0.002 High capacity to hold we
nutrients, and  otf
particles

*ISSS System**USDA System

12 soil classes are used to dgditeeas clayey, sandy, silty, or loathgitbtextureThe 12
classes are based on itheprogodionlobsand,siét, afdeclay c a |
particles in the soil, as demonstratddah?2 The texture affects the
and nutrients, as well as its infiltration rate and leadlaibigl(3eeAs indicated by the particle

size sandysoils rapidly absorb and drain water due to their high proportidiamgfencediss

particles. Whereas, the smooth, compact nature of clay particles allow clayey soils to retain wate

and nutrients.
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Tablel2 Particle composition of the soil texture (@dapésd fro®sman 2013)

Percentage Composition

Texture Textural Class Sand Silt Clay
Coarse Sand 80100 020 020
Loamy Sand 7080 0-30 1015
Sandy Loam 5080 050 020
Medium Loam 3050 3050 0-20
Silt Loam 050 50100 020
Silt 0-20 90100 0-10
Fine Sandy Clay Loam 5080 0-30 2030
Clay Loam 2050 2050 2030
Silty Clay Loam 0-30 5080 2030
Sandy Clay 5070 0-20 3050
Silty Clay 020 5070 3050
Clay 050 050 30100

Tablel3 Physical characteristics of the soil texturg(atigstes fro@sman 2013)

Soil Texture Infiltration  Watetholding  Nutrientholding

Aeration  Leaching

Class Capacity Capacity

Sand Good Poor Poor Good High
Silt Medium Medium Medium Medium  Medium
Clay Poor Good Good Poor Low
Loam Medium Medium Medium Medium  Medium

4.10.3 Effecs of Land Cover on Detectability

Survey data is also affected by the present and historic land coverage of the study area.

demonstrated Tiablel4, ground cover can havergact on the data gualnd subsequently

the interpretability of the data.
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Tablel4 Effectsféand use/land cover on geophysical suregalatied froBonsall et al. 2014a)

Land Use Description Effect on Geophysical Survey Data

Grassland Pastur Open area of grasses where live The groundcover is suitable foi
graze geophysical survey methods, but liv
can interfere  with  magnetic
electromagnetic techniques

Arable Land that has been (or can be) plo Positional accuracy and data qualit
for crops reduced as crop height increasesrap
bruskesagainst the instruments

Ground contact oftamnot be achieved
earth resistance and topsoil may
susceptibility surveys

Data quality can be reduced if the sun
walking on cut silage as it is slipper
produces an uneven surface

Surveyor may have to dummy around
bales andther small obstacles

Undifferentiatedr Open area of grasses ta@ not Hummocks and depressions formed

Unmanaged managed/grazed by livestock v unmanaged grasses can reduce pos
Grassland scrub and coarse grasses grow  accuracy andtioduced surveyor wall
effects

Bog/Reclaimed Area of poorly drained ground tl The soft ground can reduce pos
Bog/Wetland/Mar o f t e n wat er | ogc accuracy and introduced surveyor w
surrounded by a body of water effects. In reclaimed bogs and unprc
wetlands imported metals and of
materials may reduce the quality of mi

and electromagnetic surveys

Woodland Area of land covered with trees  Tree cover does not allow #&
comprehensive, higholutin survey an
reduces the interpretability of the site

Ploughed Land wherehe soil is loosened Positional accuracy and ground cont:
turned and seeds will be planted impeded by the uneven soil (exce

recently seeded soildRecentlploughec

soils can a,l &metime

making any geophysical survey ineffec

If a grave is in woodland or unmanaged grasslands, its detectalgititycediubeto the
availability of surveyable areas and noise introduced bydhasstly@walk over the slight

topographical variations caused by unmaintained grasses and roots. Moisture differences arounc
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large treewill be detected by GPR, EMI, and resistance techniques. Large, widespread moistu
differences can obscure gravée misinterpreted as graves.

These factors impact the detectability of graves with any geophysical techniques. In some condit
certain techniques are not suitable for detecting any archaeological features, let alone small feat
like graves. h& first step in improving the detection and interpretation of graves is improving th
guality of data collected. Theseaeeajuidance documents available for archaeogeophysical
survey; however, this project primarily focused on those witdpglicapeas in order to create

an interactive tool for determining the most appropriate survey parameiterd/éstearsite

Europe
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5. SURVEPARAMETERS TOOL MEM#

5.1. Introduction

As an initial step in improving the interpretability of data, the data aecpuireeydsinimgld be

improved through the use of appropriate survey parameters. Currently, tiseiyegsince for

Ireland is pvaled in flowchart and decision table Wdritlgdhe guidance for surveys in the rest

of Europe (primarily England) is proviebecaimdiecision table format. To make this guidance

more accessible, this project aimed to translate the earstmgogandinteractive format which

accounts for regional controllable and uncontrollable factors that may impact on the survey and dat
gualitybut encourages commercial clients and surveyors ttheapuibpriaguidance
documentisefore a&urvey Further discussion on the structure of survey guidance is provided in
ChapteB.3 The appropriate survey parameters were assigned to pdiggefiesusing

openly available data and decision trees and tables implemented through SQL queries in ArcGIS
Additionadetails on the approach taken to create the intesagtieadly output for survey

guidance is discussed hereatfter.

5.2. Format

Thesurvey parameters tool is implemesteg@files for desktop GIS sofawdrarcGIS web

aps, and the outputs provided are based on results from a dedisibnweseconverted to a
decision tableTheranktable(divided into polygons withdésilis available in the desktop
versiorof the to@nd can be viewedablele The compilegctomaps are providedath

web appnd desktop versiobaie to file size limits, the dataset was split to create two web apps,
one for the UK and one for Ireldrabnline versisarelimited to displaying only the suggested
surveyparameters due to file size limits and licenoémgscétoweverhe desktop version
provides the user with all data available for(egbodihg the bedrock geology, superficial
geology, soils, and land cover) and will be made availabldbgnagec@sesiaccording to

licencing agreements

5.3. Dan

The primary decisioaking variables were derived from controllable and uncontrollable factors
which determine the quality of acquiredieda factors are provided by Historic EpaNahd
et al. 2008), Bonsall et al. (2014a), and Schmidt et. alTli20hifjut (appropriate survey

parametersy heavily dependentenvironmental factors such as bedrock and superfi¢cial geology
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and land coverablel5details the factors accounted fordaediseorableand their associated

variablesln the outputsers are referred to the relevant guidance document for further information
on those factors, such as weather conditions and surveyor competency, which are not accounte
in thenitiadecision.The following data were ranked on a scale of 0 (do not attempt) to 5 (highly
suitable) for the four most commonly used geophysical techniques in archaeological prospect

according to the available survey guidance document discusse®l in Chapter

Tablel5 Factors accounted for in deciding the best output data in the survey parameters tool

Controllable Factors Uncontrollable Factors

Technique selection Soil type

Data acquisition methods  Land cover

Spatial resolution Bedrock geology

Surface geology

Sources of interferenc

Input data were derived:from

1 British Geological Sur(2919)geology maps based on BGS data under an Open
Government Licence

1 Esri UK satellite imagery abdilinautomatic classification of land covéramsitignal
land cover database in ArcGIS Pro v2.2,

1 Corine land cover datalrelan(Environmental Protection Agency Irelandt0d&)
under a Creative Commons Attribution 4.0 International (CC BY 4.0) licence
Irishsoils datderived fro@reamer et al. (2016)
Geological Survey lrel@td 9atalicenced under a Creative Commons Attribution 4.0
International (CC BY 4.0) licence

Output data were derived from guidance sufalneditityet al. (20aB63Bonsall et al. (2014a)

which was initially translated to a decision table

Land cover, bedrock geology, superficial geology, and, for the Republic of Irelanel, soils data v
imported into ArcGIS as shapefiles. Land coveGdzda Boitaimere acquired by classifying

aerial imagery using the-ibuilhsupervised image segmentation and classification toolboxes
based on the NLCD land cover cias8esGIS Prolhe $apefiles were simplified and data
reclassified into classesvenpirallyused in the archaeogeophysics litdcatadeice the file

size and improve usapiiisy demonstrated in the classes shdwahled6 The simplified
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shapefiles wejeinedand new polygons created from overlapping fields. The new polygons
contained the land cover, geological, and soil characteristics available. These characteristics were
used to derive the appropriate survey parameters for each polygoasdeoetgftmeltiple

datasets from multiple countries and coordinate systems, the merged polygons were converted tc
the WGS 1984 coordinate systafiowwhe endiserto useheir site coordinates in the search

function

There was limited data available for Northern Ireland. Freely available data were restricted to the
bedrock geology classifications and réstetsdahich were classified for land cover types. Due

to this lack of data, guidance for Northern Ireland incldustleledise of the tool should be

used with caution. As more data becomes duliitaltance for Northern Ireland amzhadidit

European countries will be included in subsequent releases.
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Tablel6 List of simplified categories and classes used in the decision table for determining the most appropsiatmigubrpqlygfor iecthe suarayneters tool

Land Cover

Arable Grassland Outcrop Transportation

Bog Heather Pasture Urban

Burnt Areas Marsh Rock Wetland

Coastal Mineral Extraction Site Sediment Woodland

Cultivated Moors & Heathland

Bedrock Geology

Anorthosite Gneissose Semipelite & Gneissose Mudstone, Sandstone & Limestone Sandstone & Mudstone

Appinite Psammite Mudstone, Siltstone & Sandstone  Sandstone & Siltstone

Basalt Gneisg Granite Mudstone, Siltstone, Sandstone &  Sandstone, Breccia & Conglomerate

Breccia & Metabreccia

Breccia, Conglomerate & Sandstone
Chalk

Clay, Silt & Sand

Clay, Silt, Sand & Gravel
Conglomerate

Conglomerate, Sandstone, Siltstone
Mudstone

Diamictite

Diorite

Dolerite

Dolomitised Limestone
Dolostone

Felsic

Gabbro

Gneiss

Gneissose Psammite & Gneissose
Semipelite

Granite

Gravel, Silt, Sand & Clay
Greywacke

Lava

Limestone

Limestone & Calcareous Sandstone
Limestone & Mudstone

Limestone, Sandstone, Siltstone &
Mudstone

Mafic

Mafite

Metalimestone

Metasedimentary Rock

Migmatitic Rock

Mudstone

Mudstone, Chert, & SmeCtdgstone
Mudstone, Sandstone & Conglomer:

Limetone

Mudstone, Siltstone, Sandstone, Coi
Ironstone & Ferricrete

Mylonitic Rock

Pelite

Psammite

Psammite & Pelite
Psammite & Semipelite

Psammite, Pelite, Semipelite &
Calcsilicate Rock

Psammite, Semipelite & Pelite
Pyroclastic Rock

Quartz Arenite

Quartzite

Rhyolite

Sand, Silt & Clay

Sandstone

Sandstone & Conglomerate

Sandstone, Limestone & Argillaceou
Rocks

Sandstone, Mudstone, Siltstone &
Conglomerate

Sandstone, Siltstof Mudstone
Schist

Sedimentary Rock
Semipelite

Semipelite & Pelite
Serpentinite

Shale

Siltstone

Siltstone & Sandstone
Slate

Syenitic Rock
Ultramafitite

Volcanic

Wacke

Drift/Superficial Geology
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Airfield/Airport

Alluvium

Alluvium (Clayey)

Alluvium (Gravelly)

Alluvium (Sandy)

Bedrock Outcrop or Subcrop

Gravels Derived from Lower Palaeo:
Devonian Sandstones

Gravels Derived from Lower Palaeo:
Sandstones

Gravels Derived from L&aeozoic
Sandstones & Shales

Gravels Derived from Lower Palaeo:

Blanket Peat
Brickearth Shales

fie egrt . Gravels Derived from Namurian
Clay with Flints Sandstones & Shales
Crag Group _ Gravels Derived from Granite
Cut Over Raised Peat Gravels Derived from Quartzite
Embankment Industrial
Eskers Comprised of Gravels of Bas jisp sea Till Derived from Cambrian
Reaction

Sandstones & Shales
Iish Sea Till Derived from Limestone

Irish Sea Till Derived from Lower
Palaeozoic Sandstones & Shales

Kartsified Bedrock Outcrop or Subcr
Lacustrine Deposits

Estuarin8ilts & Clays
Glaciomarine Sediments

Gravel®erived from Cambrian
Sandstones & Shales

Gravels Derived from Devonian

Lacustrine Clays

None

Peat

Pier

Lacustrine Sediments

Lake Marl

Landslip

Marine Beach Sands

Marine Gravel & Sands (often Raise
Raised Marine Deposits

River Terrace Deposits

Sand

Sand & Gravel

Tidal Marsh

Till

Till Derived from Cambrian Sandstor
Shales

Till Derived from Carboniferous
Sandstones & Cherts

Till Derived from Devonian &
Carbonifeus Sandstones

Till Derived from Devonian &
Carboniferous Sandstones & Shales

Till Derived from Acidic Volcanic Roc
Till Derived from Granites
Till Derived from Devonian Sandstor

Till Derived from Lower Palaeozoic &
Devonian Sandstones

Till Deriveflom Lower Palaeozoic
Sandstones & Shales

Till Derived from Lower Palaeozoic ¢
Till Derived from Metamorphic Rock:

Till Derived from Namurian Sandstor
Shales

Till Derived from Silicified Limestone
Cherts

Till Derived from Limestones
TillDerived from Quartzites
Urban

Sandstones .

Gravels Derived from Limestones Windblown Sands
Soils

Alluvium Loamy Rock Tidal Marsh

Clay Peat Sandy Urban

Island
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5.4. Suitability Mapping Methods

Input data for the bedrock geology, superficial geology, soils and land cover were manually assic
a value on a scale of 0 (do not attempt) to 5 (highly suitable) for EMI, GPR, magnetometry
resistance techniques according to the advice gi@msaill®t §2014)Schmidt et §2015)

andDavid et a2008) Tablel9shows an excerpt of these raw suitabiliiyhgatamplete data

are shown #ppendix.HThese initial rank data were used with analytic hierarchy process (AHP)
as a tool for mltiteria decision analysis (MCDA) in GIS.

AHP is a commonly used MCDA technique in GIS appkceiamgyanalygparticularly for

land use and resource managéMentoza 2000, Duc 2006, Vaidya and Kumar 2006, Chandio
et al. 2013, Malczewski and Rinner 268li&hedb 2016, Chaudhary et al, #tHt6yas initially
developed Wbyaaty (1980)AHP uses multiple pairwise comparison matrices to determine the
highestankingalue by comparing all possible pairs of aritepiat factors, against each other
(Marinoni 2004, Duc 20@§)described Figure89 AHP can be used to create a suitability map

based on the criteria weight ¢€terion score for each inpuftl consistency ratio.

Determine local ground Info from guidance on Raster of raw rank values (0-
conditions site requirements (e.g. 5) for each input factor
- geology, soil)
Geophysical Technique
Suitability i
Determine criteria Use AHP GUI to : —
affecting suitability determine criteria Determine crlt.erlon score (Cy)
analysis weight (C,,) for each input factor
Expert Input | | S=Y"(Cy CHTIC, |

‘ Technique suitability map |
A

Repeat for all four
techniques, vectorise and
combine

Figure89 Flowchart demonstrating the AHP process for creating a suitability mapXdaphésidrof@at
(2006)

The weighted linear combination using QR decomposition on the eigenvalues in the compari
matrix to calculate the suitafailitg from the,GS, and Boolean value of criterion on a scale set

by the user {Cas shown Eguatiob.1: AHP Suitability Analysis Equitammoni 2004, 2017,

Duc 2006)In the model for this projeata€ measured on a scalesof 0
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5.1 AHP Suitability Analysis Equation
3 By, 0y 6; B Og
3 suitability
0 criteriaveight
0 criteria score for each input

o} Boolean value of criterion

The consistency ratio (CR) is used to measure the variation allowed for the pairwise comparisons
Saaty (1988@commends the CR is less than or equal to 0.1, to indeateighibave been

used in the comparison matrix and the pairwise comparisons are consistent.

For this project, the AHP was carried out using the AHP tool in the GISiDéorsfon&Esid
DesktoMarinoni 2017 he workflow for generatirapsiyt maps is showRiguredQ The

rank vales stored in the attribute tables are used when converting the polygons to rasters to be used
as inputs for the AHP tool. The outputs from the AHP tool runs are then converted into vectors an
mergegso the suitability scores for all techniquesdrm st same attribute table. The values

used in the Preference Matrix foeldwed and Northern Ireland dat@sehown ifablel?,

and the values for @B @taare shown ifablel8 APreference Matrix uses a scale of 1 (equal
preferenctor input criteyito 9 (strong prefereaf@ne or more criteria over gthexompare

and weiglheinput critegiin this case, the ssilperficial geology, land emwbbedrock geology
suitdility(Marinoni 2017)

Tablel7 AHP Preference Matrix for the Ireland and Northern Ireland dataset

Soil Superficial Gdogy  Land Cover Bedrock Geology
Soil 1 1 1 1
Superficial Geology 1 1 1 0.5
Land Cover 1 1 1 0.5
Bedrock Geology 1 1 2 1
Superficial Geology 20.36 Land Cover: 20.36 CR: 0.022
Sail: 24.627 Bedrock Geology: 34.654

Tablel8 AHP Preference Matrix for the Great Britain dataset

Land Cover Superficial Geology Bedrock Geology

Superficial Geology 1 1 1

Land Cover 1 1 0.5

Bedrock Geology 2 1 1

Superficial Geology 32.748 Land Cover: 25.992 CR: 0.062

Bedrock Geology: 41.26
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Clean data for each input
(Bedrock Geology, Superficial
Geology, Soils, Land Cover)

!

Rank suitability (0-5 scale)
for each shapefile using
IffThen statements

! o

Rasterise polygons using
suitability value to
create individual rasters for
each technique and
factor (e.g. 12 rasters total)

!

Load rasters for individual
techniquesin AHP tool

Vd

[ Calculate weights matrix |

!

Create suitability map ]

!

[ Make output permanent l

Export raster as TIFF
(float; cell size = 20)

AW

Repeat process for each
technique

Raster Calculator x1000
Raster to Polygon

Create a new field (float with
3 decimal) for suitability score

! =

Calculate the new field by
dividing the calculated raster
values by 1000

Union new vector files

Configure the popup windows
torank the suitability score
for each technique

FiguretQ Workflow for creating the final combined suitability map for this project

93



Chapter 5: Survey Parameters Tool Method

Tablel9 Excerpt of rank values usaditability analysis

Bedrock Geology

Class Magnetometry Suitabilit EMI Suitability Earth Resistance Suitabili GPR Suitability

Anorthosite 1 2 5 2

Appinite

Basalt

W wl o~

4 3 3
1 2 2
Breccia and Metabreccia 3 4 4
Breccia, Conglomerate Sawdstone 3 4 4

Superficial Geology

Class Magnetometry Suitabilit EMI Suitability Earth Resistance Suitabili GPR Suitability

Airfield/Airport 1 4 3 4

Alluvium

Alluvium (Clayey)

NINININ

3 4 3
3 4 3
Alluvium (Gravelly) 3 4 3
AlluviunSandy) 3 4 3

Soils

Class Magnetometry Suitability EMI Suitability Earth Resistance Suitabilit GPR Suitability

Tidal Marsh 0 2 0

Rock

Island

Loamy

AlWOIR
NWORr Pk

3
1
3
3

NWOolFr

Alluvium

Land Cover

Class Magnetometry Suitability EMISuitability Earth Resistance Suitabilit GPR Suitability

Arable 5 5

Bog

Burnt Areas

W N B~O
W Rk WEF
WINWW b

1
1
Coastal 1
Cultivated 5
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5.5. User Interface

The GUI was developed using thedbapp buildevith one app for the UK and one for Ireland

due to file size limitShe design was heavily modified to suppxertbweatabase as the

primary aim of the map is to allow users to search for their sisilpoationited dataset,
consisting of only the relevant survey parametarfib&lsiewed in the web browser. The full
dataset, including supplementary datasfeasable for use in desktop ArcGIS Pro or ArcMap.

In both versions the wsersearch for a centralrdamate of their survey area; once directed to

their location they can select the polygon by clicking on it. Once a polygon is selected, a po|
window containing the relevansdaplayedThe pojup windows were designed using Arcade

to show thedkniques ranked from most suitable to least suitable for the selected coordinates, &
well aplacenammformatigrthesuggested mmum survey resolution for each technaju

survey aim dissedandlinks to additional guidance documents should the user need more
advanced informatiofhe example output in the web browser is shigwe 44, and an

example output of the full dataset provided in the desktop versioRiggus#@wn in

L] B Terrestrial Geophyiscs Suitabil X

&« c & bmthuni.maps.arcgis.com,

P W A AN G TSN

| Studland, Dorset

Rank

1. Magnetometry = 4. 45
2. Earth Resistance = 4.48
3.GPR=422

4 EMI=374

These rank values are on a scale of 0-5. 0=
Not suitable (do not attempt); 5= Highly
suitable.

Rank values were determined using multi.
cniteria decision analysis with bedrock

Water salinity affects the data quality of some
techniques; therefore, surveyors should seek B
specialist advice if a site falls within

-i-| -2.009 50.825 Degrees | waterlogged areas

PoweRED 5T @

esri

Figue 41: Example of an output in the web browser version of the survey parahetarageadhows the
information the emskr is given once they heleeted a pgdon and tHecation search chpiies of thegpp.

B Minimum Survey Resolutions
Sl rea v Tomsimen

The survey resolution guidance provided in this tool is derived from the relevant guidan
document(s) for the regidreArcGl®nline wedpp can be accessed through the browser using

thedefaultink provided by EsTihe parameters layers are also available in kmz file format for

import into Google Earth for individuals who do not have access to ArcGIS.
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Interval x Traverse Interval)

; ne ot [l Grapracasig Sy

Figurel2 Example of an outpthiéndesktop version of the survey parametdrsisoohage demonstrite
endusers view of the shapefile and the information they are provided with in theugpnfigdosd pop

5.6. GuidanceApplmplementation

Using the survey data from Buckland Rings, LymingEiguigkias an example, thevay

parameters tool provides viable feedback to both commercial clients and surveyors. Three series c
geophysical surséyave been carried out on the site sindeg2@diomet§Hagan et al. 2017)

GPR(Howard 2018nd EMMonteith and Green 20T8e guidance app indicates#rtt
resistancavould be the most suitable techniquemagtietometrgnd EMI as suitable
supplementary techniques, for the geology and land cover at Buckland Rings (National Grid
ReferenceSZ315968 Results from ttheee surveys indicate that gradiometry was the most
successful in delineating responses of archaeological potential. EMI was able to delineate largel
features but was not able to clearly delineate any smahdeastueesthis was likkelg to

variations in survey conditions and directional bias in the survey@RRnvateable to survey

to a greataefepth below ground level than the other techuitiestirvey area was limited by

the topography and vegetation. The multiple surveys conducted at Buckland Rings demonstrate th
validity of the survey guidappeand can be used to encouragedspread use the guidance

within commercial, volunteer, and research gesbésssicscesyar
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6. MACHINE LEARNING

6.1. Introduction

In recent years with the growth of mechanisedck&@dSurvey equipment, the average size of
surveys has also increased due to the ease and speed of surveying, as déaime&@rated in
However, with these large datasets comes the difficulty of identifying small features visually. It is
known that all humans see and focus on different aspects of an image, which can lead to a subjec
biasednterpretation of a datgserrdonck et al. 201%or exampla, mediursized survey

dataset like thoseFiguret3and Figuret4would have many different interpretations depending

on the interpreter.

Table20 Examples of largmale surveys conducted 19068 (adapted from Bonsall 2014)

Location Hectares  Survey Year(s)
Land ofBury Road, Woolpit, Suffolk 19 2018
Marden Barrows and Wilsford Henge, Wiltshire 20 20122013
Stonehenge Southern WHS, Diamonds Field, \ 26.9 2015

Six Hills Road Solar Development, Leicestershi 27 2014
Land at Stonemead Fakorminster Down, Some 43 2014
Land at Moreton Hall, Bury St. Edmunds, Suffo 46 2016
Land at Monks Cross, York 50 2014
Westacott, Barnstaple, Devon 55 2017
Selinus, Sicily c. 65 19992003
Wroughton Airfield Solar Park, Swindon, Wiltsh 65 2013
Wroxeter, Shropshire, UK 70 Pre1999
M3 Clonee to North of Kells Motorway, Ireland 105 2000
Carnuntum, Austria >110 Pre2003
Luton Hoo, Luton, Bedfordshire, UK 120 2003
Moorside Project, Sellafield, Cumbria 142 2015

N6 Galway to E&stllinasloe Motorway, Ireland 160 2004
M20 Cork to Limerick Motorway, Ireland 182 2010
BREBEMI Motorway, Italy 217 2009
Portus, ltaly c. 220 19982005
Commercial Project, UK 250 2008
Commercial Project, UK 400 2010
Stonehenge Hiddeandscapes Project, UK 820 20112013
Heslerton Parish Project, North Yorkshire, UK >1200 19962006
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Furthermore, it would not be unexpected for the human eye to misslgagitd®r postholes

when there are much larger features to focus on. This natural bias can lead to misinterpretation o
missed features, even in smaller datasets. In other fields which have complex small datasets, sucl
as medical imaging, thes balso occurs as well as the discrepancy betwededhuman
interpretatior{dlattkemper et al. 20033% In their study on the detection of lymphocytes in
fluorescence micrograpltatkemper et al. (2003441 identified a correlatmiween the

experience level of human interpreters and the accuracy of their detections, demonstrating that the
most experienced interpreters achieved the highest accuratiattkerapal, et al. (2003

40 achieved a similar accuracy to a rdegiined human expert with artificial metuvark

classifiers and decreased the time required to analyse each micrograph. Similar trends are expecte
to occur in the comparison of hamémachided interpretation of geophysical data, especially

where small features are present. Chagiscusses the accuracy of Hedatetection of

potential graves in GPR data.

Overlooking other small features, such as a potential pit or kiln, in geophygsiitdé dat
consequence to archaeological evaluations because they are often associated with wider spreac
settlement activity and their presence is assumed. Whereas, not all cemeteries and burial ground:
are associated with detectable settlement metiiity them more challenging to detect using
surrounding features to localise areas of interegse&wlligim surveys. Not detecting graves

also has a much more significant impact on evaluations as they require ethical considerations anc
additionlaexpert staff and can cause delays while the appropriate licences are acquired if not already
held for a site. Of utmost importance are the ethical implications for disturbing and recovering huma
remains. Where possible human remains should notbeeé(Alistisory Panel on the
Archaeology of Burials in England@®1Rowever, if unavoidable, human remains should only

be excavated by qualified excavators once the appropriate licensegBAdBai@daiMecking

group for ethics and practice pO090nstitute of Archaeologists of Irelang 2846 Skeletal

remains can be costly for a client anel neop@rtime for the archaeologists to recover and record

them to a suitable standard, which adds further timescale pressures for the archaeologists and clier
(OSSAFreelance 201268). This impact could be mitigated by adapting existing machine learning
methods to interpret complex geophysical datasets and an archaeologically complex feature. The
knowledgebase of the viability of machine learninfikim dieldaeology already exists, which

begs the question, why has it not been widely applied to commercial geophysics? Is it because the

data available is not aweald representation of grave responses? Or is it merely because some
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archaeologicalafares are too difficult for the learning machine to identify them accurately anc
confidently?

Because these machine learning methods have been widely applied to many other complex prob
in the last seven years since the development ofhiei@letky et 2012)this project aims
to build on the existing knowledgebase to determine if machine learning is a viable approach

widespread automatic interpretation of features in commercial and research geophysics.

Automatic feature detection softwasda@xisfrastructure monitoring, IED detection, and simplistic
materials identification in geophysical d@asetk et al. 2008, 2009yHsand Nene 2013b,

Qiao et al. 2015, Zaremba et al. 20IBb)algorithms and learning processes can be readily
applied to geophysical datasets to isolatikgreasponses through supervised and potentially
semisupervised machine learning. @ysary the presence of typical medieval burial practices
while accounting for a range of uncontrollable factors (i.e. geology, weather conditions), classi
for the expected geophysical response of these inhumations, particularly the resfagnse in GPR ¢
can be estimated to create a dataset of nk
(Aunknownso) can be compared to the -Aiknown
like responses which may not be identified duringtergneiation. This research project aims

to create computational tools that will improve survey data and subsequent interpretations
archaeological GPR surveys, mainly focusing on the implications of their implementation
commercial archaeologyoudh retraining existing convolutional neural networks on raster outputs
of 2D and 3D GPR data, gikeeesponses will be highlighted in any &@ldfRean datasets

and given an associated confidence score.

6.2. Deep Learning

There are three primgpgdyof machine learning: unsupervisesijgemised, and supervised
as defined iiguret6(Singh al. 2016, Maulik and Chakraborty 20bvief overview of how
labelled and unlabelled datasets are used in the different learning machindsigaimi®vided in
andFigurel6
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Labelled Data Supervised
Learning
Semi-supervised
Learning
Non-labelled ., Unsupervised
Data Learning

Figuret5 Brief overview of datasets and how they relate to the three main types of machine learning

In supervised learning, the learning machine is provided with labelled data (input data with the
associated target value(s), such as an image broken down into labelled contents) and is expected t
learn the data for target mapping, in order to prestiobai@) target values for previously
unobserved input data. The dataset (des@ibed 45/ includes input features (x) and labels

(y), which are often images and class labels or bounding boxes with associated class labels for
classification or etijdetection tagkstjen®t al2017 p. 62

Contrary to supervised learning, in unsupervised learning, the learning machine is only provided wit
the unlabelled input data component, not its associatédisalosgpervised approach is often

used to identify natural patterns (structure within the data) that cannot be identified or linked by the
human eye. Unlabelled datasets are also frequently chosen over labelled datasets because they

tend to be much kmgmore easily obtainable, and require less annotation effort.

Semisupervised learning is a middle ground between the supervised and unsupervised learning
approaches in which the learning machine is supplied with a limited amount of labelled data. Tc
i mprove the machineds predictive capabiliti.

increase the size of the limited training dataset and deal with incomplete labels.

—
Q Sy
O 3
Mgy
Supervised Learning Semisupervised Learning Unsupervised Learning
Learns patterns from labelled Trains on a small labelled dataset Identifies hidden patterns in
data in order to label large training unlabelled data
Uses learned patterns to predict datasets Clusters data based on the
future outcomes Uses learned patterns to predict degree of similarity or
future outcomes dissimilarity

Figurelé Comparison of the three prigpaay of machine learning approaches
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A simplified machine learning workflow, thén@uesy Standard Process for Data Mining
(CRISIDM) model, demonstrating the major steps in the machine learning process and th
importance of the feedback betwedatahgreparation and modelling stages in order to improve
the accuracy of the model is proviBegligd7, a similar approach was taken in producing a
suitable model in this research.

Business == Data
Understanding == Understanding

\

Data
Preparation

Deployment DATA T¢

Modelling

Evaluation

Figured7 The Crodsdustry Standard Process for Data MiningQEIRB&del indicating the six phases of data
mining projeddapted fro@hapman et al. 20010 The six phases are flexible, and their interactions will
depenan the type of project and its objective.

Deep learning utilises large, deep neural networks with multiple processing layers in order to le
representations of data and paftes@sin et al. 20Xb 43p Deep learning architectures are
preferred over shallow a&ctites (e.g. decision trees and support vector machines) for computer
vision tasks as they are more suitable when dealing with complex relationships in the input c
(Najafabadi et al. 201.5). In deep learning, there are multiple levels of representations (extracted
features/feature vectors) which are obtatnaasforming the representation in layers of simple,
nonlinear moduléseCun et al. 2035 43p Supervised learning is more common than other

machine learning methods in deep |¢beting et al. 2016 43p
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Several deep learning tools exist for training machinmde@taimgble21 summarises the

most commonly used tools/libraries and applications. Fastai, PyTorch, Keras, and TensorFlow wer

primarily used in this project.

Table2l Summary of commonly used deep learnijaglapoésidmBall et al. 2013. 1)

Tool Summary Website Reference
AlexNet A largescale convolutional neural networ http://code.google.com/pfcude (Krizhevsky
nonsaturating, neurons and a very efficie convnet/ et al. 2012)
parallel implementation of the conwvc
operation to make training faster
fastai Deep learning library for PyTorch https://github.com/fastai -
Keras A higHevel Python nalrnetwork libra https://keras.io/ (Chollet
capable of running on top of either Tens 2015)
or Theano, which
g allows for easy and fast prototyr https://github.com/fchollet/ker:
1 supports both convolutional net\
and recurrent networks
1 supports  arbitrary  connect
schemes
MatConvNet A MATLAB®  toolbox impleme http://www.vlfeat.org/matconv (Vedaldi an
convolutional neural networks withpmrear Lenc 2014)
trainecconvolutional neural networkenfige
classification, segmentation
MXNet Deep learning library for declarative sy https://github.com/dmic/mxnet (Chen et al
expression with imperative tensor comp 2015)
and differentiation to deyraeients
TensorFlow An opessource software library with a fle https://wwwrisorflow.org/ (Abadi et al
architecture for tensor data flow | 2016)
computation.
PyTorch Machine learning library for tensor con https://pytorch.org/ (Paszke et a

and deep neural networks based ®ortfe
library

2017)

A supervised machine learning approach is suitabigaee thetection problem because the
variability in the morphological and geophysical characteristics between grave types will require
labelling of datasets based on corresponding excavation data, whereby feature extraction algorithms
such as those usmgrphological parameters, are used to isolate and identify graves in images as
the standard oOtarget. O An unsupervised appr
may indiscriminately identify responses in the data that are hptelategssawgraves, thereby

reducing the confidence of the interpretive classifications.
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6.3. Neural Network Architectures

Artificial neural networks are comprised of
receive input and formulate gat¢@thmidhuber 2014, Maulik and ChakrabortyO2&1@)

the simplest neural networks is a multilayer perceptron network (MPN) with a minimum of one i
layer, one hidden layer, and one output layer, asFSgaveh8n The input layer receives the

input data, where the number of nodes in the input layer is equal to the number of features in
input data, and after weights and bias are adaechdteomfs fed forward to the hidden layer(s).
Weights, also called parameters, are the numeric array of a filter (e.g. edge detector). Hidden la
are any layers between the input layer and output where weights are applied, and the data cat
transbrmed. When followed by an activation function in the output layer, the data from hidd
layer(s) are fed as output and predictions are made based on the number ¢f Classe$ Lseul

and Nash 2015)

Input Layer Hidden Layer Output Layer

Figuret8 Architecture of the simplest version of a multilayer perceptron networHqravhesicgesad network

These simplistic artificial neural networks can still provéegsetohiptex inputs, such as the
handwritten digits in the Modified National Institute of Standards and Technology (MNIST) datab
However, MPNs are now outperformed by convolutional neural networks (CNNs) and other d
learning architectures whemgpotomplex computer vision tasks. MPNs are inefficient for complex
tasks because each perceptron is connected to every perceptron, creating a large number
redundant parameters (as defined in E@uxtiomMore recent architectures can reduce the

number of parameters while still maintaining high training accuracy and less cumbersome compt

6.1: Definition bparameters in a multilayer perceptron network

PAOAT AGROGQN o) @ GQR oK REGONET /X1 GQR oI 4
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For image classification and object detection tasks, deeper networks are neegss@y, which
using many hidden layers with different transformation functions. Convolutional neural networks an

residual neural networks arecfttiteart for image classification.

6.3.1. Convolutional Neural Networks

Convolutional neural networks (CNNs)dke#evel image features and objects by filtering the

raw pixel data of imagesnsorFlow 2019)nlike a simple artificial neural network, a CNN uses
numerous s@ptimising neurohsOD6 Shea and . ICHNslare gréfetréd, ovepfully 2 )
connected neural networks for image classification and detection tasks. Fully connected neural
networks would reguioo many parameters (or weights) to be useful for image data as the
considerable number of parameters puts the model at risk for overfitting. Overfitting often occurs
when the model learns the features in the training data too well that & i® theneuakdd

the features for prediction on new data. The filtering in each layer creates an equivariant
representation of the input for spatially aware edge, shape, and colour detection, from simple to

complex shapes, usable anywhere in an image.

There are three primary components toi @dholutional layers, pooling layers (sometimes
replaced by strided convolutional layers), and fully connected layers (sometimes replaced by globz
average pooling layém®nsorFlow 2019n a convolutional neural network, the structure of a
simple neural network is multiplied tetfooonvolutional and pooling layers which operate on

the assumption that the input is an image with learnable features. A simplified representation of t

layers in a convolutional neural network is provided in

Figuret9 this demonstrates the filters on the original input in order to puoelucepavitath
will ultimately produce a classification output in the fully connected layer.
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Figuret@ Simplified representation of a convolutional neural network

106



Chapte6: Machine Learning

The features learned by the network are used to mpierlidasss. In deeper layers where
highlevel, claswide features are learned, the learned features become more complex and
activations are localised. Highel features are objects and shapes in an image. These are
usually extracted followinglébection of lowevel features in the first few convolutional layers.

In contrast to higherel features, lovarel features are minor parts of an image, such as edges,
lines, and dots, that are detectable. These minor features usually lughngaseltfeatures

later learned by the network. The features learned by the network can be visualised using

activation, or feature, map.

Activation maps are useful for visualising the activatiorisvatfiiaHifestures or objects in an

ima@ each layer learns as they are visual representations of the edges, patterns, and objec
learned from each filter (or kernel). Visualising the activation maps for a network can also f
identify where some activations are zero for several iapngsaidded filter and, potentially, a

high learning rgt€arpathy 2019a)n example of activation maps for a stagér)lZNN that

includes convolutional, rectified linear unit (ReLU) activation functions, pooling layers, and a 1
connected layer is providBdyureQ In this example, the ReLU activation function facilitates the
output of a node in the network, and the activation maps sbosl faghees being learned in

the deeper layers of the network to make class predictions. For deeper networks, gradient map:s
often used to represent feature learning through histograms of the weights and biases. Exampl
these gradient histograms from training for thasrersheevn Figurél
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FigurésQ Example of activations for each layer-irampdeConvNetJS CNN with 17 layers and 7000 parameters
(adapted froKarpathy 2019INo activation is shown in black. The activation maps prove the learned features
become more localised in the deeper layers of the CNN.
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gradients/0.5.0.bn2.bias gradients/0.5.0.bn2.vieight gradients/0.5.0.bnd.bias

gradients/0.5.0.b03. weight gradients/0.5.0.downsample.1.blas gradlents/0.5.0.downsample. Lvseight

Figurésl Gradient histograms of the weights and biases

Convolutional Layers

Convolutional layers use filters (or kernels) on images to extract subregions, where each layer
creates a feature map comprised of individual values mathepneseatbtive of each
subregi on. The networ kds ar mthe dorgegtof CNNs, def i n
filters (also called kernels) are matrices of a defined size which slide across an input (e.g. an image
and extract featuréds2D activation map of the response of each filter at any given spatial position

is created by convolving each selected filter along the width and heigftho$ ttenvgduing

acts as a sliding window across the input at a specified intetvdegabaowm Figuré2

The 2D activation maps for each filter in a layer are stacked in the detpidtacbmeiisthe

output volume and aids in feature extraction
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height

W

o'%%

Figurés2 An example of the movement of the filter (shown in red) across the input using a sliding window path
(highlighted by the curved line) in the depth, width and heiBdlesR6diR)

Flters in CNNs usually extract edges, curves, shapes, and colours from images, especially in
convolutional (conv2D) layers, as number matrices that represent a known or target pattern.
example @n edge detection feature is shown in the Sobel edge detedtignréi¢aint

Figure&es Commonly, a 3x3x3 (Berire/d or 7x7x3 (s€agures size filter is used in the first
convolutional layewhere the filter is either 3 pixelamddagh, or 7 pixels wide and high, and
threedeep for each of the colour channels in an RGB image. Following this example, if using
converted greyscale image (an image with only one colour channel) as input on the first layer,
filter size would be 3x3x1 or 7x7x%uldsequent layers, thedtdimension in the filter size is

equal to the number of slices along the depth dimension inherited from the output of the previ
convolutional layer. If an image is comprised of greys, blacks, and whites but is not normalise
greyscale, it is RiGB image with pixel values on a scale of 0 to 255 but of the same intensity in th
three channels. The training data included in this project were plottedhisokgcaladrite

scale but were not converted into a single channel, greyscaler@ftageit ishreasonable for

the data to be treated as RGB images with three channels of equal colour intensity, particular
transfer learning, where the original network was trained on RGB images. For clarity, a selectic

pixel values from a skEn@ining image are providéeigume>3
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Figuréb3 RGB values for select pixels in a sample training image

Image Pixels Sobel filter Output
A 2]
0 0[0 | m—p
1 2 |1 210 | 45 | 140

-260 | 80 | 40

Figuréb4 An example of the numerical representation of an edge detection filter and output in a convolutional neural
network

These filters are applied to input images to identify a series of reoccurring shapes and patterns withi
a taget or class. The network learns the patterns that comprise a class and apply them to new data
to determine the likelihood that the new data contains patterns similar to that of known classes.
Figureb5shows a typical edge detection filter, the Sobel filter, and the pattern it produces from a
randomly generated example of pixel values in an image.
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Figuréb5 An example of the creation ofithet from an edge detection filter. The 3x3 size filter, shown in grey,
slides across the image. At each point, the value of the filter is multiplied by the value of the image. For each
application of the 3x3 filiervalues are summed to predcek of the output. In this example, the colours of each
stage (indicated above the matrix) correspond to the colour values in the output matrix.

An example of the activation maps for the first convolutional |fyesx8viiliet§f a small

CNNis shown iRigurebg in which the general feafi@.gs edge®f thefocusobject (deer) in

the input image are outlined and discernible in the activation maps. In contrast, on the fi
convolutional layer (8x8x20 filter size and 20 filtersFehaesv,ithe activation maps show
highetevel localised featuréke size and number of filters in each layer is defined in the network

architecture. These can be altered if a network is built from scriielsioef metvibrk is not
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