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This place is not a place of honour... no highly esteemed deed is commemorated here...
nothing valued is here. The danger is still present, in your time, as it was in ours.

-Proposed nuclear waste repository warning for future generations
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Abstract

Cosmic-ray muons are a powerful, highly versatile and increasingly widely used tool for imaging

and assay. Three studies into the use of these muons for applications in the energy sector are

here presented. Each study has been conducted with Monte Carlo computational simulations

and explores many aspects of the problem. The �rst is assay of stored nuclear waste; a method

based on machine learning to identify materials inside waste drums is developed and applied.

The second study focuses on verifying the design information of long-term nuclear waste

repositories. Tests are made into the detectability of unknown voids inside a waste repository

using muon radiography, and an imaging algorithm is implemented. Finally, the problem of

continuous monitoring of an undersea storage site for carbon dioxide is considered, making

use of data from a real, active storage site to test muon radiography's e�cacy to detect and

monitor movement of the stored carbon dioxide.
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Chapter 1

Introduction

Cosmic rays from extreme astrophysical events collide with the Earth constantly. Their

interactions with the atmosphere produce muons, which reach the surface with a �ux of

approximately 1 cm� 2min � 1; the �ux is strongest towards the zenith and reduces towards

the horizon. These naturally occurring muons are of great value for science. They are highly

penetrating, non-hazardous, easily detectable particles with well-understood interactions in

matter. Taking measurements of their attenuation when passing through some structure gives

information about the structure's density, much like an X-ray photograph. Alternatively, mea-

surements of muon scatterings through some sealed container, for example, gives information

about the materials contained, without having to open or damage it.

The �eld of applications of cosmic-ray muons is very diverse. Some of the �rst studies

exploiting the muon �ux for imaging were in archaeology, searching ancient pyramids for

hidden voids using spark chambers. Over the intervening decades, particle detector technology

and the power of computational modelling have advanced hugely, making muon studies of a

vast range of targets and scenarios possible. Today, muon science is also applied to volcanology,

civil engineering, mining, geology, nuclear waste assay, biology and the energy sector, among

others. The potential of the technique remains enormous. The main limitation is the relatively

low magnitude of the muon �ux, which corresponds to long exposure times often being

required; the e�ect is compounded when taking measurements underground. However, almost

any imaging or assay challenge for which long exposure times are acceptable will have some

amenability to muon radiography or tomography.

In this work, three novel applications of the cosmic ray muon �ux are explored via

computational simulation studies. Firstly, chapter 2 will describe the origin of the cosmic

ray muon �ux, the interactions of the muons through matter, and describe some of the

detector technologies and computational techniques commonly used in the �eld. Chapter

3 then elucidates the two key relevant techniques: muon radiography and muon scattering

tomography, and explores key examples of their uses.

Chapter 4 is focused on a study into the use of muon scattering tomography for non-

destructive assay of nuclear waste drums. Speci�cally, a method is developed that incorporates

machine learning techniques acting on detector hit data in order to �rst identify and isolate
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objects stored inside the drum, then determine their most likely material composition. The

chapter describes previous work utilising machine learning for nuclear waste assay with muons,

then explains the simulation software used and the algorithms involved in the method, shows

key results and conclusions, and discusses possible future directions for this work.

Chapter 5 changes focus to a much larger volume of interest: a nuclear waste storage

repository, located hundreds of metres underground. The appropriate technique for this

scenario is muon radiography. The goal of the study was to assess muon radiography's

potential as a technique for verifying the known design of such a repository, focused speci�cally

on the detection of potentially hazardous voids in the surrounding rock. The chapter describes

the development of an appropriate simulation framework and its application to void detection

in a repository model, then extends this work to test a full 3D imaging algorithm using muon

data to directly image features in the repository.

Finally, chapter 6 departs from nuclear waste applications to focus on another aspect of

the energy sector: carbon capture and storage. The study described in this chapter makes use

of a simulated model obtained from seismic data of a real, functioning storage site in the North

Sea. The model is sampled at several di�erent timesteps, each corresponding to a di�erent

volume of stored carbon dioxide in the site. The study then tests an application of muon

radiography in which the site is continuously monitored over many years, determining the

statistical signi�cance of the detection with di�erent detector con�gurations, and predicting

the necessary exposure times to monitor the movement of the CO2.

A list of publications related to the work presented in this thesis is shown in Appendix A.
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Chapter 2

Cosmic-ray muons

2.1 Cosmic rays

Cosmic rays are highly energetic particles that originate primarily from extreme astrophysical

events such as supernovae and Active Galactic Nuclei (AGN) (there is also a solar component

of lower-energy cosmic rays). They were discovered almost concurrently in 1911-12 by Victor

Hess [1], who demonstrated that the rays originated from the atmosphere and not the surface

through electroscope measurements in a balloon, and Domenico Pacini [2], who performed

similar measurements at shallow depths underwater. Cosmic rays are composed mostly of

protons and helium nuclei (combined� 99%) with the remaining fraction being electrons

and heavier nuclei. Upon encountering the Earth, they interact with atoms in the upper

atmosphere at an altitude of around 15 km; the interactions result in a shower of various

particles collectively known as `secondary' cosmic rays (see �gure 2.1). The decays of charged

pions and kaons within the showers result in the generation of muons (� � ), via the decays:

� � ! � � + � � (branching ratio 99:99%) (2.1)

K � ! � � + � � (branching ratio 63:50%) (2.2)

and their antiparticle equivalents.

2.2 The muon �ux

Muons are elementary leptonic fermions, very similar to electrons but with a larger mass

(m� = 105:66 MeV � 207 me). They are unstable, decaying with a relatively long half-life of

1:56 � s into an electron or positron via

� � ! e� + � � + �� e (2.3)

and

� + ! e+ + � e + �� � (2.4)
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Figure 2.1: Schematic of a shower originating from a cosmic ray proton. The decay produces a neutron and
several pions. The decay of the charged pions into muons and muon neutrinos is one of the primary sources of
the muon �ux.

where � � / �� � are the muon's associated neutrino and antineutrino. The relatively long muon

lifetime is a consequence of them not interacting via the strong force.

Muons were originally discovered in 1936 by Neddermeyer and Anderson [3]. Working at

Caltech with a cloud chamber equipped with a strong magnetic �eld, they observed singly-

charged particles traversing from above to below that had masses in between those of the

electron and proton. These were in fact the cosmic ray-produced muons; initially known as

the `mesotron' or �̀ -meson', they were at �rst grouped with the hadronic mesons before their

leptonic character was deduced.

The muon �ux is the most signi�cant remaining product of the initial cosmic rays at

sea level. This is due to the exceptional penetrating power of muons; their high masses and

relatively long lifetime means they pass easily through the atmosphere and a portion of the

�ux is detectable even under kilometres of rock. For many applications (e.g. measurements

underground), the lower-energy component of the muon spectrum can be disregarded as these

muons would be strongly attenuated by the overburden. In this scenario, the muon �ux can

be approximated using the Gaisser formula [4]:

dI �

dE
�

0:14E � 2:7
�

cm2 s sr GeV

"
1

1 + 1:11E � cos�
115 GeV

+
0:054

1 + 1:11E � cos�
850 GeV

#

(2.5)

Where I � is the muon di�erential �ux, E is the muon energy. The factors of115 GeV and

850 GeV parameterize the contributions respectively of pions and kaons. Generally, this

formulation is appropriate when considering muons with (zenith-weighted) energy above

100=cos� GeV and zenith angles. 70deg, due to the assumptions of, respectively, negligible

muon decay and a �at Earth. An alternative model of the sea-level �ux is given by [5], which

makes use of a parameterisation ofcos� from [6] that accounts for the curvature of the Earth

(see �gure 2.2):
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cos� � =

s
cos2(� ) + P2

1 + P2(cos� )P3 + P4(cos� )P5

1 + P2
1 + P2 + P4

(2.6)

where the factors P1� 5 are P1 = 0 :102573; P2 = � 0:068287; P3 = 0 :958633; P4 =

0:0407253; P5 = 0 :817285.

Figure 2.2: From [6], schematic demonstrating the angle � � , which is a modi�ed form of the zenith angle � that
accounts for the Earth's curvature. Here, R is the Earth's radius, h is the height of the muon generation, and
x is the distance between the muon generation and the detector.

The �nal �ux formula, which also accounts for lower energy muons through an additional

term, is then given by

dI �

dE
� 0:14

"
E �

GeV

�
1 +

3:64 GeV
E � (cos� � )1:29

�

#� 2:7 "
1

1 + 1:11E � cos� �

115 GeV

+
0:054

1 + 1:11E � cos� �

850 GeV

#

(2.7)

A comparison of these two muon �ux models (evaluated at� = 0 ) against experimental data

is shown in �gure 2.3.

2.3 Muon interactions in matter

Muons passing through matter are subject to several energy loss processes. They can be

grouped into two categories: electronic losses, comprising energy lost to the ionisation and

excitation of electrons; and radiative losses, including bremsstrahlung, pair production, and

photonuclear interactions. Each of these four key processes is explored in more detail below.

The overall mean energy loss can be described by the expression

�
�

dE
dx

�
= a(E) + b(E)E (2.8)

where the functionsa and bcorrespond to the electronic and radiative energy losses respectively

[8]. These functions are heavily dependent on the material in question, with its atomic number

Z and atomic massA (or their abundance-weighted averages for non-elemental materials)

being of particular importance. The muon critical energy E �c is then de�ned as the energy at
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Figure 2.3: Comparison of the [4] (red) and [5] (blue) sea level vertical muon �ux models compared to
experimental data from [7] (black).

which losses from electronic and radiative losses are equal, i.e.E �c = a=b.

The E proportionality of the radiative losses b(E)E corresponds to these processes being

a much smaller component of the energy loss than the electronic componenta(E) for non-high-

energy muons. For muon energies up to� 100 GeV, b(E)E < 0:01a(E). This is illustrated

clearly in �gure 2.4, which shows the mean stopping power of each of the four processes as

a function of the muon energy. The three radiative process stopping powers each increase

approximately linearly with E ; this is due to the relevant cross sections� approximately

scaling with the energy transferred, � , via �� (E; � ) = �� (E; � ) � f (� ) [9]. Here � is the

fraction of the muon energy transferred.

The mean energy loss
D

dE
dx

E
cannot be used to precisely predict the range of any particular

muon of known energy as the energy loss processes are stochastic. Hence the range of a beam

of monochromatic muons will vary, an e�ect known as `range straggling'. These �uctuations

are particularly signi�cant for the radiative bremsstrahlung and photonuclear energy loss

processes [10] and hence are of greater importance for higher energy muons. For a deep

measurement at� 3 km, range straggling leads to a factor of� 2 increase in the muon �ux

than would be predicted from simply inverting equation 2.8.

2.3.1 Electronic losses

A muon moving through matter will lose energy to the material's electrons, exciting them

from lower to higher states. If the transfer is su�ciently energetic, the electron's binding

energy is overcome and an ionisation occurs; if the resulting free electron has su�cient energy

to ionise further atoms it is labelled a � -electron. For muon energies below/ 100 GeV, the
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Figure 2.4: Mean stopping power of the four key muon energy loss processes in matter vs muon energyE .
The ionisation component (labelled � -electrons) dominates the three radiative processes (pair production,
bremsstrahlung, and photonuclear) up to E � 100 GeV. From [9], © 2006 IEEE.

electronic energy loss is the dominant process.

The electronic componenta of the energy loss is given by the Bethe-Bloch formula, �rst

calculated in [11] by considering the contributions of all possible inelastic scatterings. In the

form used in [8], it is

a(E) =
�

�
dE
dx

�

elec
= K

Z
A

1
� 2

"
1
2

log

 
2mec2� 2
 2Qmax

I 2

!

� � 2 �
�
2

+
Q2

max

8(
M � c2)2

#

+ �
�
�
�
�
dE
dx

�
�
�
� :

(2.9)

Here, c is the speed of light in a vacuum,� = v=c where v is the muon speed, and
 is

the Lorentz factor = 1 =
p

1 � � 2. Additionally, the prefactor K= 4�N A r 2
emec2, Z and A are

atomic number and mass respectively,me and re are the electron rest mass and classical

radius respectively,M � is the muon mass andQmax is the maximum possible kinetic energy

of the excited electrons, given by

Qmax =
2mec2� 2
 2

1 + 2
m e=M + ( me=M )2 (2.10)

� is the density-e�ect correction [12] and I is the mean excitation energy of the electrons. Fi-

nally, the factor �
�
�
� dE

dx

�
�
� accounts for an additional electronic energy loss factor: bremsstrahlung

interactions with electrons. Included for completeness, it is given by

�
�
�
�
�
dE
dx

�
�
�
� =

K
4�

Z
A

�

"

log
2E

M � c2 �
1
3

log
2Qmax

mec2

#

log2 2Qmax

mec2 : (2.11)
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2.3.2 Radiative losses

The radiative component of muon energy loss in matter,b, can be split into a sum of the

contributions from the three physical processes:

b(E) = bbremsstrahlung + bpair production + bphotonuclear (2.12)

For di�erent muon energies, the b functions vary in their contributions to the total energy loss,

as shown in �gure 2.4. This is due to the energy dependence of the underlying interaction

cross sections. Figure 2.5 shows the interaction cross sections for the four muon energy loss

processes, as a function of� , for muons of 100 GeV (left) and 10000GeV in iron. Of the

radiative processes the dominant contribution is from electron-positron pair production up to

� � 10� 1.

Figure 2.5: Energy-weighted di�erential cross sections � for the muon energy loss processes in iron, for muon
energy E = 100 GeV (left) and E = 10000 GeV (right). Here, � is the amount of energy transferred. These
cross sections are those used in the GEANT4 particle simulation software [13]. From [9], © 2006 IEEE.

Details of the three radiative processes are described below. The full cross sections for

the interactions can be found in [8].

Bremsstrahlung

The bremsstrahlung interaction involves the de�ection of a muon by another charged particle,

causing it to decelerate and emit a photon to account for the lost kinetic energy. In matter,

the de�ection can be caused by either a nucleus or atomic electrons, and both possibilities

must be accounted for when calculating the full cross section. The former cross section was

�rst calculated in [ 14], and the latter in [ 15]. Figure 2.6 shows the nuclear component of the
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di�erential cross section as a function of � , comparing several di�erent muon energies, for

muons in copper. The higher energy muons have a larger cross section for the bremsstrahlung

interaction and hence are more likely to experience energy loss via this route.

Figure 2.6: The di�erential cross section for muon energy loss via nuclear bremsstrahlung, for muons of di�erent
initial energies in copper.

Pair production

The largest radiative contribution to muon energy loss is electron-positron pair production [16],

in which a virtual photon is emitted that decays into an electron and a positron with opposite

momenta. Although tau-antitau and muon-antimuon pair productions are also possible, they

are suppressed due to the larger mass of these leptons.

Photonuclear contribution

The smallest radiative contribution to muon energy loss is loss via the photonuclear interaction

bphotonuclear ; it becomes signi�cant only at muon energies ' 1 TeV. A muon interacts

inelastically with an atomic nucleus, producing a photon. The cross section for this interaction

was calculated in [17].

2.4 Detector technology

As charged, high-mass particles with relatively long lifetimes, muons are readily detectable by

particle detectors. A wide variety of detector technologies have been used over the past seven

decades of cosmic-ray muon imaging studies. Some of the earliest signi�cant results in the

�eld (see section 3.2.2) were obtained using spark chambers: simple gas (usually neon)-�lled

chambers in which a high voltage is induced across the gas when triggered by the passage
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of a charged particle, which then becomes visible as the energised gas de-ionises. Some of

the detector types in use currently include scintillating materials, nuclear emulsion �lms, and

gaseous drift chambers; as muon studies can vary hugely in the environmental conditions and

available exposure times, the choice of detector technology for a particular study can be tuned

to the problem.

2.4.1 Scintillator

Scintillating materials have the property that they emit electromagnetic radiation, usually

visible or near-visible light, after encountering a charged particle or high-energy photon. The

particle deposits a portion of its energy into the material's electrons, which subsequently re-

emit the energy as photons, either instantly (in which case the process is termed �uorescence)

or after a delay of � s-hours (phosphorescence). When coupled to a Photo-Multiplier Tube

(PMT), a device that converts small quantities of detected light into measurable electronic

signals, they make ideal particle detectors. Scintillator-type detectors widely used for muon

studies in particular due to their versatility and relatively low cost.

There are two main categories of scintillating material: inorganic and organic [18]. The

former are often solid crystals of an alkali halide, the most common being sodium iodide,

combined with a deliberately added impurity called an `activator', such as tellurium. The

scintillation mechanism in inorganic crystals arises from the electronic band structure of

the crystal. The passage of an energetic particle excites electrons from the valence to the

conduction band, creating a free electron and a corresponding free hole. These can move

freely through the material. The presence of the activator material atoms creates localised

additional energy levels in the forbidden gap; the free electrons can de-excite by dropping to

these levels and emitting a photon. Although inorganic crystals can be shaped with some

freedom, they can be brittle and often must be sealed in airtight containers to prevent water

damage. They are therefore not ideal for muon applications which often require detectors

that are highly durable due to harsh environmental conditions.

Organic scintillators are quite distinct in their physical mechanism of scintillation. They

consist of organic molecules containing benzene-ring structures (e.g. anthracene, naphthalene)

and hence free electrons; the scintillation occurs at the molecular level and so is preserved for

di�erent states of the material, unlike inorganic crystals for which a solid crystal structure is

required. Therefore organic scintillators can be solid or liquid, and can also be dissolved in

a plastic solvent that is then shaped and solidi�ed, creating plastic scintillator. In all cases,

the underlying mechanism is that a transiting particle transfers some of its energy to an

electron, exciting it from a ground state S0 to an excited state S� . The electron then decays

to an intermediate �ne-structure level, created by the vibrational modes of the molecule as a

whole (see �gure 2.7). The emitted photon therefore has less energy than the gap between

the ground and excited states and so is not re-absorbed by the material but passes through.

Plastic scintillators in particular are highly suitable for muon detection and are widely

used. Commonly used plastic solvents include polyvinyltoluene and polystyrene, with the
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Figure 2.7: Schematic of �uorescence in an organic scintillator material. A charged particle or photon excites
electrons from the ground state (S0) to an excited state ( S� ). The electronic �ne structure contains additional
modes close toS0 that the excited electron can decay to, releasing a photon to which the material is transparent.

phenyl-bearing organic solute often being PPO (2,5-diphenyloxazole) or POPOP (1,4-bis(5-

phenyloxazol-2-yl) benzene). For example, the CRIPT muon detection system described in

[19] used plastic scintillator made of polystyrene solvent and a combination of PPO and

POPOP solutes. Plastic scintillator can be easily shaped to match the available detector site,

for example into square tiles that are then combined into large planes, or narrow cylinders

that can be placed into a excavated borehole. They are also relatively rugged with higher

tolerances of heat and mechanical stress than other materials, inorganic crystals in particular.

Figure 2.8 shows a plastic scintillator-based muon detection system used by Geoptic [20]

for infrastructure studies. Each case contains two long cuboid paddles coupled to PMTs; the

cross-detector allows tracks to be constructed from the detector hits. Another commonly used

arrangement is to use large-area alternatingx and y tracking planes. For example, [21] makes

use of two12:25 m2 square planes formed of many narrow strips of polystyrene scintillator,

separated by a1 m air gap. The gap between the planes decreases the uncertainty on the

muon trajectory measurement.

2.4.2 Nuclear emulsion �lms

Nuclear emulsion �lms are an alternate class of particle detector with applications in muon

detection. They consist of silver bromide crystals, less than1� in size, held in some kind

of support such as a frame of gelatin [22]. The passage of charged particles creates `latent

images': a concentration gradient of metallic silver atoms, reduced from the Ag2+ cations.

When developed, more silver cations are reduced at a rate following the concentration gradient,

leading to the formation of many orders of magnitude more metallic silver atoms and hence

visible tracks (see �gure 2.9). The process is very similar to the formation of images on

photographic �lm. The resulting tracks can then be found via automatic optical microscopy

and used to calculate the muon �ux distribution.

One drawback of nuclear emulsion-based detectors is that they provide no real-time �ux

data. Whereas a detector based on scintillator, for example, can be directly monitored for its

detected �ux, a nuclear emulsion �lm can only be read after the survey is complete and the
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Figure 2.8: A scintillator-based muon radiography detector system. Each case contains two plastic scintillator
paddles coupled to PMTs. The system is set to trigger when signals are recorded in the middle plane and the
base detector within a narrow time window, with the top detector used to provide additional tracking. The 10
detectors allows for 28 total angular bins, with 12 formed from `double' hits (in the middle and base planes)
and 16 from `triple' hits.

�lm developed. Also, the automatic optical microscopy equipment necessary to read emulsion

�lm data is quite specialised and costly. They do however possess excellent spatial resolution,

comparable to the crystal size; the detectors developed in [22] had crystal size0:2 � m and

spatial resolution 0:5 � m. Nuclear emulsion �lms were also successfully used for assaying the

Great Pyramid of Giza [24], see section 3.2.2.

2.4.3 Gaseous detectors

Ionisation-based gaseous detectors are often used for muon detection, and can vary greatly in

design and mode of operation. The basic design is to create a strong electric �eld through a

volume gas with a pair of electrodes [18]. Charged particles passing through the gas will then

create electron-cation pairs; if the electric �eld is strong enough, these will separate and move

towards the electrodes creating a detectable current. For example, one common chamber

construction uses a cylindrical cathode surrounding a thin anode wire along its axis, to which

a positive voltage is applied (see �gure 2.10). The cylinder is �lled with gas. The resulting

electric �eld in the gas, as a function of the distance from the wirer , is then given by

E(r ) =
V

r log(b=a)
(2.13)
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Figure 2.9: From [23], example of a charged particle track in a nuclear emulsion �lm. The tracks can only be
found with an optical microscope, necessitating specialised equipment to interpret the results.

where V is the voltage applied to the wire, a is the radius of the anode wire, andb is the

internal radius of the cylinder.

Multiwire Proportional Chamber

A particularly useful aspect of ionisation detectors is that the operational mode can be changed

by adjusting the provided voltage V . If the voltage is below a threshold, the electron-ion

pairs created by the passage of a charged particle will recombine, as the electric �eld is not

strong enough to overcome their mutual attraction. If V is increased, some of the electrons

start to move towards the anode wire, creating a detectable signal; eventually a plateau is

reached when none of the created pairs are recombining. Detectors designed to operate in

this range are called `ionisation chambers'. A further increase inV results in a new e�ect: the

electrons are now su�ciently energetic that they can ionise additional atoms in the gas, which

can then themselves ionise more atoms, resulting in a huge increase in electron production

called an `avalanche'. The size of the avalanche is directly proportional to the number of

`primary' electrons originating from the charged particle. Detectors of this type are thus called

`proportional chambers'.

The Multiwire Proportional Chamber (MWPC) [ 25] is a powerful detection system based

on the cylindrical proportional chamber. Rather than a single axial wire, a MWPC consists

of a series of evenly spaced narrow anode wires, between two parallel �at plates that comprise

the cathodes. The electric �eld inside the chamber then has two distinct regions: away from

the wires, the �eld lines are parallel to each other and the �eld is almost constant (see �gure

2.11. Near any of the wires the �eld has a1=r dependence as for the cylindrical chamber

described above. When a charged particle enters the chamber and encounters ionises atoms

in the gas, the electron will move along the parallel �eld lines towards the closest anode wire.
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Figure 2.10: Schematic of the basic design of a cylindrical ionisation-based detector. A solid cylinder is �lled
with gas (e.g. argon). A positive voltage is applied to a thin anode wire along the cylinder's axis, creating a
radial electric �eld E. When a charged particle enters the gas, it ionises atoms; the resulting electrons move
towards the anode wire creating a detectable signal.

When close to the wire, the increasing �eld strength causes the electron to accelerate, once

again producing an avalanche of further ionisations and a detectable signal on that wire.

A single MWPC will only give spatial information along the axis parallel to the anode

wires. For track reconstruction, the usual method is to use pairs of MWPCs orientated

perpendicular to each other, hence providingx and y coordinates of the particle position.

Combining several such layers then allows the tracks of muons to be �tted to the hits from

each detector layer. For example, [27] describes the use of a muon telescope based on layers

of MWPCs for a volcano imaging study.

Drift chamber

Finally, a particularly potent form of proportional chamber is the drift chamber, which is a

further evolution from the MWPC. A drift chamber provides additional spatial information

about the charged particle by considering the speed at which the free electrons created by

its path move towards the anode wires, the `drift speed'u. As u is approximately constant

in the region away from the wire, the distanced between the charged particle's track and

the wire can be calculated ifu, t0 (the time at which the particle entered the chamber) and

t1 (the time at which the signal is detected) can be calculated asd � u(t1 � t0). u can be

calculated from the properties of the chamber gas, whilstt1 is supplied by the signal itself. t0

is determined by using a triggering system, such as a scintillator plane above the chamber.

Unlike a MWPC, for which the spatial resolution is limited by the separation of the anode

wires, a drift chamber can achieve much �ner resolution, down to< 100 � m [18].

18



Figure 2.11: From [26]. Schematic of the electric �eld lines (red) and equipotentials (black) inside a MWPC.
The �eld is almost constant in most of the region, but takes on a 1=r strength when close to any of the wires.
An electron in the �eld will drift towards the closest wire then accelerate, causing an avalanche.

2.5 Monte Carlo muon simulations

Computational simulations are an extremely useful tool in muon science. For many applications

of muon imaging, the sites involved are di�cult or hazardous to access, such as the inside

of a pyramid or at a remote volcano. Safely testing a proposed experimental programme

via an accurate simulation, taking into account the distributions of cosmic-ray muons and

modelling their passage through matter, is essential to ensure that the project is feasible. For

example, preparation for a imaging study of a volcano would involve choosing the number,

type and location of the detection systems; a simulation programme utilising an accurate

geological model of the volcano could be then used to determine the minimum number and

size of detectors needed to achieve acceptable results without the expense and di�culty of

experimental testing. Other muon applications, such as nuclear waste assay, involve hazardous

materials. Simulation studies can then be used to test algorithms and detector systems before

they are applied practically.

Additionally, for muon radiography in particular (see section 3.2), simulations are often a

required step in the experimental study itself. A digital model of a structure is created under

the assumption of some null hypothesis (e.g. a pyramid containing no unknown chambers)

and a simulated muon radiography is performed, matching the experimental con�guration as

closely as possible. The experimentally detected muon �ux distributions can be compared to

the results from the simulation. If there is a region in which the experimental results record

a muon excess relative to the simulation, it suggests the presence of an unknown void. For

example, the radiography of the Great Pyramid performed in [24] made use of a simulation of
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the Pyramid (see �gure 2.12) with only known structures (see section 3.2.2).

Figure 2.12: Detailed view of a simulated model of the interior of the Great Pyramid, used to produce a `null
hypothesis' simulated muography to which the experimental data could be compared, to identify di�erences
indicating unknown features. From [24], reproduced with permission from Springer Nature.

The relevant category of simulation for muons is a Monte Carlo simulation. In general,

these are used for problems involving random variables, and operate by sampling from

probability distributions to determine the outcomes of stochastic events. This is the opposite

of a deterministic simulation. For example, the emission of gamma rays from a piece of

radioactive material could be modelled with a Monte Carlo simulation: the individual decays

and the interactions of the rays with matter are stochastic processes. This is opposed to a

deterministic scenario, such as the trajectory of a spacecraft in the Solar System, for which a

Monte Carlo simulation would not be appropriate.

A Monte Carlo simulation of cosmic-ray muons begins with some model of the muon

states at a particular altitude. From this, distributions of the muon energies and trajectories

are determined; each particle to be transported then has an initial state drawn randomly from

these distributions. Commonly used models are the CRY library [28], which provides muon

angular and energy distributions at sea level or other altitudes as calculated by a Monte Carlo

transport of primary protons from the top of the atmosphere; and the `Shukla' �ux, derived

from the empirical �ux model of [29].

The next stage of the simulation - transportation of the initialised muons - is handled

by dedicated transport software. The GEANT4 [13] software is an extremely powerful and

�exible toolkit, widely used in particle physics, that can accurately transport particles of

all species through complex and intricate geometries. GEANT4 can be used for simulating

muon imaging applications, but for cases where secondary particles are not relevant (e.g.

deep underground), codes dedicated speci�cally to muon transport may be more appropriate.

Examples of these include MUSIC [30] and PUMAS [31]. Whichever software is used, some

kind of model describing the material distribution must be created and supplied. GEANT4, for

example, uses a set of geometric primitives that can be combined and manipulated into very

complex structures. The material at each point in space is de�ned, with the key parameters
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being its density and the atomic number, mass and number density of its constituent elements.

From the material information, the appropriate di�erential cross-sections for the four

key interactions (ionisation, pair production, bremsstrahlung and photonuclear) for muons

of various energies in matter can be calculated. By integrating the cross-sections, tables of

the mean energy losshdE=dxi can be produced [9]; the energy loss during transport can then

be sampled from these distributions. The usual procedure is to model each muon's energy

loss as a combination of continuous and discrete processes, with the former for low-energy

interactions and vice-versa. A `detector' can be de�ned, shaped and positioned to match an

experimental system, and set up to record particles that encounter it. The angular and spatial

resolution can be implemented by applying a smearing factor to the Monte Carlo truth, and

the detector's e�ciency can be implemented by disregarding some fraction of the encountered

particles.

Figure 2.13 shows an example GEANT4 Monte Carlo simulation of muons traversing

a layer of rock, in an interactive mode that displays the modelled geometry and particle

tracks visually. The path of each muon is shown in yellow. The muons with su�cient energy

to penetrate deep into the rock are not greatly scattered, and so most tracks appear as

approximately straight lines. The deposited energy from the muon interactions with the atoms

in the rock result in the creation of secondary particles, shown in cyan. These particles, for

example electrons and positrons created via pair-production, cannot penetrate the rock to the

same degree as muons and are quickly attenuated.

Figure 2.13: Interactive view of a GEANT4 [ 13] simulation of muons in rock. The muons (yellow) are initialised
in a thin plane on the top of the world volume (red) with their states drawn from the CRY library [ 28]. They
are then transported forward; generated secondaries (cyan) are quickly attenuated by the dense material.
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Chapter 3

Muon radiography and muon

scattering tomography

3.1 Overview

The cosmic-ray muon �ux is a natural, well-characterised source of easily detectable, highly

penetrating particles. It is therefore usable for a huge range of imaging and assay applications.

There are two main families of techniques making use of cosmic-ray muons: muon radiography

and Muon Scattering Tomography (MST). The former relies on the attenuation of muons

as they pass through some volume of interest; it is most commonly used for imaging large

(10� 1000m) scale objects. Fields of application for muon radiography include mining [32],

civil engineering [33][34], nuclear safeguarding (see chapter 5), volcanology [35][36][37][38],

biology [39] and archaeology [24][40]. Imaging can be performed using a single detector, in

which a 2D projection of the density can be obtained, or a network of multiple detectors in

which case a 3D density map can be calculated by combining the projections. The required

exposure time can vary hugely based on the application, from short surveys of only minutes

up to over a year for particularly deep locations.

MST by contrast is more suitable for smaller length scales (1 � 10 m) and, in general,

is compatible with shorter exposure times (minutes-hours). In an MST experiment, at least

two detector modules are used, in order to determine the trajectories of muons before and

after encountering some volume of interest in between the detectors. Information about the

contents of the volume is then obtained from the distribution of the muon scattering angles, as

calculated from the two trajectories. Applications of MST include nuclear waste assay, cargo

scanning, and imaging of hazardous environments - most famously, the Fukushima nuclear

reactor interior [41].
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3.2 Muon radiography

3.2.1 Technique

A muon radiography experiment involves deploying one or more particle detectors with angular

detecting capabilities underneath or alongside some volume of interest. This allows the muon

�ux as a function of direction to be measured. By comparing the measured �ux to some other

�ux pro�le e.g. from a Monte Carlo simulation (see section 2.5), any excesses or de�cits of

muons along particular lines of sight suggests a respectively a lower or higher material density

along that line than the null hypothesis would suggest. This is because muons are attenuated

to a greater degree in denser material. Figure 3.1 shows a schematic of a muon radiography

taken inside a pyramid to look for a hidden chamber. In this case, a larger muon �ux would

be recorded from the directions intersecting the chamber than in the opposite direction.

Figure 3.1: Schematic demonstrating the principle of muon radiography, in the context of searching for hidden
voids in pyramids. The muon �ux is less attenuated in the directions corresponding to the air-�lled chamber
than would be expected in the null hypothesis of the volume containing solid rock.

More speci�cally, the quantity accessible in a muon radiography measurement is the

opacity %, de�ned as the line of sight integral of the material density:

%=
Z

LOS
� (x) dx (3.1)

%is often expressed in terms of `metres water equivalent' (m.w.e.): the thickness of water

that would result in the same opacity (1 m.w.e. � 100 g cm� 2 � 1 hg cm� 2). For example,

the opacity of 100 cm of homogeneous concrete with density2:3 g cm� 3 is %= 230 g cm� 2 �

2:3 m.w.e.. The total opacity of the atmosphere between the mean height of muon production

and sea level is around10 m.w.e. [7].

An opacity %can be deduced from a measured muon �uxI (�; � ) in a number of ways.

One possibility is to make use of an empirical relation that relates the two quantities, derived

from many experimental measurements taken at di�erent depths. A commonly used such
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relation was derived in [7], which relatesI to an opacity %in m.w.e. via

I (%)
h
cm� 2 sr� 1 s� 1

i
=

Ke � �%

(%� + a)(%+ H )
(3.2)

where K = 270:7 hg cm� 2, � = 5 :5 � 10� 4, � = 1 :68, a = 75 and H = 200 hg cm� 2. The

form of this curve, with comparison to some of the experimental data used in its derivation,

is shown in �gure 3.2.

Figure 3.2: Empirical vertical muon intensity vs depth model from [ 7], compared to selected experimental data
[42][43][44].

The experimental data used to derive this curve has been normalised to a depth of

`standard rock': a �ctitious material with useful properties. Standard rock has, by de�nition,

hZ i = 11 and hAi = 22. The assumption made by using this relation is that the only relevant

factor a�ecting the muon �ux is the density of the overburden materials, with its chemical

nature not taken into account. However, it has been shown [45] that this is not the case and

that the measured muon �ux under a particular opacity of one mineral will be di�erent than

would be expected under an equivalent opacity of standard rock, with the relative di�erence

increasing with depth. For shallow depths the e�ect is small. At 1 km depth under, for

example, limestone, the measured �ux would be only� 85% of that calculated from the

relation in equation 3.2. The speci�c quantity a�ecting the �ux is the material's


Z 2=A

�
.

This topic is explored in more detail in chapter 6.

An alternative method to calculate the opacity is to consider the muon energy loss. As
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described in section 2.3, the mean muon energy loss in matter is given byh� dE=dxi =

a(E) + b(E)E . If this equation is inverted an integrated up to an energy E , a rangeR(E) is

obtained; this range has dimensions of opacity and is called the Continuous Slowing Down

Approximation (CSDA) range [ 8]. It is an approximation to the true opacity that muons of

energy E can pass through before being stopped. As an example, �gure 3.3 shows the CSDA

range for muons in granite.

Figure 3.3: Muon range in granite as a function of initial muon energy, as calculated using the PUMAS library
[31].

3.2.2 Applications

Search for hidden chambers in the Second Pyramid of Giza

The �rst known use of muon radiography for density measurements was in 1955, for measuring

the thickness of the overburden above a tunnel in an Australian power station [33]. 15 years

later, a famous and highly in�uential muon radiography experiment was performed in Egypt:

an attempt to determine the presence of any hidden chambers inside the Second Pyramid

of Giza (also called the Pyramid of Chephren) [40]. The Second Pyramid was not known

to contain a King's Chamber or Grand Gallery as the larger Great Pyramid does. If such a

chamber existed, it is plausible that it could have remained undetected and undisturbed during

the almost 4600 years since the Pyramid's construction; the contents would be archaeologically

priceless. Muon radiography provided a non-invasive and highly sensitive method to search

for the density deviation of a hidden chamber.

The researchers made use of spark chambers, an early form of particle detector with which

visible tracks are obtained by applying a high voltage across a volume of gas as a charged

particle passes through and ionises the gas (using scintillator trigger panels to identify events

and initiate the high voltage). Placed in the Pyramid's `Belzoni' chamber, their detection

system (consisting of 4 stacked spark chambers coupled to 14 scintillator counters in between
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the layers) had good angular resolution and they were thus able to record muon counts as a

function of angle.

Their results were compared to a simulated model of the expected muon counts, then

the di�erences calculated and expressed in terms of the closest integer number of standard

deviations of separation. The results (see �gure 3.4) indicated no regions of signi�cant muon

excess beyond what would be expected from �uctuations. Although no hidden chamber was

Figure 3.4: The closest integer number of standard deviations between experimental muon counts under the
Pyramid and the counts expected from simulation. From [40], reproduced with permission from AAAS.

found, this study was hugely signi�cant, both for �nding to a high level of con�dence that

there are no large hidden chambers inside the Second Pyramid, and for demonstrating the

power of muon radiography for assaying the density distribution of large structures. Later

radiography studies (see below) would return to the Pyramids of Giza and resume the search

for hidden chambers, with more success.

Volcano imaging

Some of the most iconic and stunning results in the �eld are from studies applying muon

radiography to the imaging of volcanoes, in order to monitor their internal structures and

watch for signs of impending eruptions. Most volcano imaging studies make use of near-

horizontal muons; the intensity of these muons is much lower but the mean energy is higher

(see �gure 3.5) than lower-zenith-angle muons, and so they are able to penetrate even through

a km-scale object. It is possible to obtain su�ciently accurate density maps on timescales less

than those relevant for eruption predictions.

The �rst study into the feasibility of volcano imaging with muons was in 1994 [46]. At

the non-volcanic Mount Tsukuba in Ibaraki, Japan, they demonstrated using a three-layer

scintillator detector that the �ux of near-horizontal muons is su�cient for radiographic

measurements on timescales of a few weeks; an example of their results is shown in �gure 3.6.

They went on to calculate that an an enlarged version of their hodoscope, with a sensitive area
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Figure 3.5: Muon sea level di�erential �ux (equation 2.7) for di�erent zenith angles � . The mean muon energy
is higher for close to horizontal muons.

of 20 m2, could detect the formation of a 20 m-scale cavity inside a similarly sized volcano

within a few days.

Great Pyramid chamber detection

One of the most prominent muon radiography results of recent years has been the detection of

a hidden chamber in the Great Pyramid of Giza [24]. Radiographic measurements were taken

using several di�erent detector technologies, and all con�rmed the presence of a large unknown

chamber inside the Pyramid. The initial results were collected using a nuclear emulsion

�lm-based detector (see section 2.4), stored in the Queen's chamber inside the pyramid; when

compared to radiographs generated via a detailed Monte Carlo simulation (see �gure 3.7) an

excess corresponding to a30 m long void was observed to> 10� signi�cance.

3.3 Muon scattering tomography

3.3.1 Technique

Muon Scattering Tomography (MST) is an alternative imaging technique that exploits instead

the elastic Coulomb scatterings of muons in matter. The distribution of the scattering angles

is highly sensitive to the atomic number Z of the material, and so calculating the scattering

angles of muons passing through some volume of interest will yield information about the

volume's material composition (see �gure 3.8).
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Figure 3.6: A photograph of the pro�le of Mt. Tsukuba (left) compared with muon radiographs of the mountain
(right), with di�erent background rejection cuts chosen. The pro�le of the mountain is clearly visible. From
[46], reproduced with permission from Elsevier.

The scattering angle distribution is approximately Gaussian for small angle scatterings.

Its width, obtained via a �t [47] to the Molière theory, is approximately given by

� =
13:6 MeV

�cp

r
x

X 0
[1 + 0:038 log(x=X 0)] (3.3)

where p is the muon momentum, �c is the muon speed,x is the thickness of the material and

X 0 is the radiation length, which is dependent on the elemental composition of the material.

This quantity is the length-scale of electron energy losses via bremsstrahlung in matter, and

is de�ned as the distance over which a high-energy electron will lose1=e of its energy for that

material. For an elementary material, the radiation length (see �gure 3.9) is given by [48]

X 0 =
716:4 g cm� 2 A

Z (Z + 1) log(287=
p

Z )
(3.4)

where Z and A are respectively the atomic number and mass of the material. For a compound

material containing n elements, the radiation length can be calculated via

1
X 0

=
nX

i

wi

X i
(3.5)

where the X i are the radiation lengths of the elements and thewi are their material fractions

by weight. For example, the radiation lengths of elemental iron (Z = 26; A = 55:8) and

oxygen (Z = 8 ; A = 16:0) are 13:8 g cm� 2 and 34:2 g cm� 2 respectively, hence the radiation

length of the compound ferrous oxide (FeO) is15:9 g cm� 2.
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Figure 3.7: Muon �ux (in cm� 2sr� 1day� 1) as a function of zenith angle, with a clear excess corresponding to
the previously unknown void. Here, black and grey are results from Monte Carlo simulations of the pyramid
with and without the known cavities (e.g. the King's Chamber) and red is the experimental data. From [ 24],
reproduced with permission from Springer Nature.

3.3.2 MST algorithms

PoCA algorithm

In practice, one of several MST algorithms is used to create an image from muon scattering

angle data. The simplest and most widely used is the Point of Closest Approach (PoCA)

algorithm [49], which assumes that each muon scatters at only a single point, called a

`scattering vertex':

1. The volume of interest is divided into cubic voxels to store the 3D image values.

2. For each muon, the detected incoming and outgoing muon tracks are calculated through

linear interpolation of the detector hits.

3. The calculated tracks are extrapolated into the volume of interest.

4. The point at which the two tracks come closest together is calculated and the weighting

for that voxel is updated based on the scattering angle of the muon.

PoCA is e�ective for distinguishing regions of high contrast in Z , such as a large high-Z object

inside a waste drum (see �gure 3.10, left). However, the assumption that each muon scatters

only at a single point limits the algorithm's e�ectiveness.

Binned clustering algorithm

To partially mitigate the weaknesses of PoCA, some algorithms build on PoCA by incorporating

additional information from the muon scattering angles. The binned clustering algorithm

[50] uses the PoCA but also exploits the spatial density of scattering vertices within voxels; a

higher density of vertices in a region indicates more high-angle scatterings and hence indicates
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Figure 3.8: Schematic demonstrating the principle of MST: a muon passes through a detector module, scatters
in the waste drum (with larger scatterings in the block of high-Z material), and is then detected by the second
module. The scattering angle � is greatly exaggerated here.

the presence of high-Z material. This algorithm is used extensively in chapter 4. A full

description of the binned clustering algorithm can be found in section 4.2.

ASR algorithm

An alternative method is to not make use of the point of closest approach at all, but instead

to assign weights to voxels based on their proximity to the incoming and outgoing muon

tracks. One algorithm that uses this method is the Angle Statistics Reconstruction (ASR)

algorithm [51]:

1. The volume of interest is divided into cubic voxels. Each voxelj is associated with an

initially empty set, Sj .

2. Each muon's detected incoming and outgoing tracks are extrapolated into the volume

of interest.

3. Calculate the x- and y-projected scattering angles,� x and � y .

4. Identify every voxel j that has its centre within some threshold distance (e.g. the voxel

size) of the incoming or outgoing tracks.

5. Append scorespj� x j and pj� y j (if the muon momentum p is known) to Sj .

6. Determine the �nal image values as some quantileq of each voxel's listSj .

An example ASR MST image of a waste drum is shown in �gure 3.10 (right). The improvement

in the visibility of the stored object as compared to the equivalent PoCA image (left) is clear.
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Figure 3.9: Radiation lengths of some example elements, as calculated using equation 3.4.

3.3.3 Applications

Cargo scanning for illicit nuclear material

The sensitivity of MST to high- Z materials in particular makes the technique highly suitable

for applications in the nuclear industry, in which assaying the presence and quantity of the

elements uranium and plutonium in various scenarios is vital. One such context is the scanning

of cargo containers at border crossings or ports. Any smuggled Special Nuclear Material

(SNM, a collective term for plutonium and uranium enriched in U233 or U235[52]) is hugely

dangerous; MST has the potential to identify such materials without the hazards and expense

of either manual container searches or other scanning methods, such as X-ray imaging, that

require introducing particles arti�cially.

The application introduces unique challenges: a practical system must be able to make a

`decision' (i.e. the container passes or is held for further inspection) very quickly (. 1 minute)

to ensure that the facility can operate e�ciently. Indeed the goal for cargo scanning is a rapid

decision using a criterion with the maximum (minimum) possible true (false) positive rate: a

full 3D image of the volume of interest is unlikely to be possible within the time constraints.

Additionally, the detectors used must also be larger than the containers being investigated (or

else physically moved around the detector, if this can be done within the time limits), and

have su�cient spatial resolution to reconstruct muon tracks (and hence scattering angles)

with enough accuracy to identify the targets.

Therefore there have been several studies, both simulation-based and practical demon-

strations, into cargo scanning with MST. One of the earliest studies [50] investigated the

feasibility of an RPC (see section 2.4)-based system for scanning shipping containers. They

developed an algorithm based on the commonly-used PoCA algorithm, but incorporating

additional information from the spatial density of the clustering vertices (this algorithm has

also been applied for nuclear waste assay, see Chapter 4). Using Monte Carlo simulations of a
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Figure 3.10: Comparison of two MST imaging algorithms: PoCA (left) and ASR (right). Each plot is 2D slice
of a simulated MST image taken of a concrete-�lled steel waste drum containing a 20 cm side length cube of
uranium. The exposure time in both cases was 10 days.

shipping container containing a high-Z target block with various other materials present, it

was demonstrated that a10� 10� 10 cm3 block of tungsten or uranium could be detected

with very high e�ciency after � 1 minute of muon exposure. A longer time of' 3 minutes was

required when scrap iron shielding, modelled as a 1/10th density steel �lling the container,

was included. Figure 3.11 shows the Receiver Operating Characteristic (ROC) curves for

this scenario. A ROC curve is a quantitative measure of a diagnostic test's performance. It

is a plot of the true positive rate against the false positive rate for di�erent choices of the

diagnostic criteria; a cut that is too high will accept all true positives but an unacceptable

rate of false positives, whereas a too-low cut will fail to detect a proportion of true positives.

The optimum choice for the cut is that which maximises the true positive rate and minimises

the false positive rate, which on the curve is the point of maximum curvature.

Fukushima reactor imaging

Muon imaging - both radiographic and MST - has also been applied to a unique problem:

imaging the internal structure of a stricken nuclear reactor. In March 2011, the 9.1 magnitude

T	ohoku earthquake and an accompanying tsunami caused devastation across large areas of

eastern Japan. The disaster claimed tens of thousands of lives, and is considered the most

costly natural disaster in history [53]. This is partially due to the e�ects of the disaster on the

Fukushima Daiichi nuclear power station. The tsunami was higher than the plant's protective

sea wall and so parts of the facility were �ooded, disabling the emergency diesel generators

required to keep the reactor core cooling systems operational. Three of the plant's six reactors

consequently melted down, and huge quantities of radioactive material were released requiring

the evacuation of over 150,000 people.

The reactor site now requires decontamination and decommission. However, the high
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Figure 3.11: The ROC curve for the detection of a 10� 10� 10 cm3 uranium block in a shipping container when
shielded by scrap iron, for di�erent exposure times. From [ 50], © IOP Publishing, reproduced with permission.

radiation levels still present make these processes extremely hazardous; it is vital that the

current state of the reactors (in particular the location of the melted fuel) are established

before work can begin safely. Muon imaging techniques, with their sensitivity to material

distributions and/or high- Z materials, and ability to operate passively for long periods without

human intervention, are ideal for the task. Special care needs to be taken to account for the

additional background on particle detectors due to the high radiation environment. Around

the site, the dose is around1 mSv hr� 1 and primarily consists of 
 rays from the isotopes
137Cs and 134Cs [54].

Some initial studies were based on a combination of simulation studies and practical

demonstrations on passive models. [54] compared applying muon radiography and MST to

the problem via GEANT4 simulation studies. Using three versions of a model of Fukushima

reactor unit 1 - with an intact core, with no core, and with a damaged core - it was observed

that MST was able to clearly image the core condition with only a few days' exposure, using

the PoCA algorithm. Radiography however did not perform well, and was not able to image

the core even after 6 weeks' exposure; after the same time MST could identify a core with

only 1% of material missing.

This study was extended to additionally incorporate an experimental test [55], and

additional simulation work based on Fukushima unit 2. To account for the ambient radiation

in the environment the detector was modelled as being encased in a50 cm thick concrete

layer, su�cient to reduce the 
 �ux by a factor of 50. Practical tests were performed using a

structure of concrete and lead blocks, with a central conical void as an imaging target. The

detectors were assemblies of drift tubes with a detection area of1:2 � 1:2 m2; the void was

successfully imaged after 3 weeks' exposure time.

Despite these promising results for MST, when muon imaging was applied to the reactor

itself, radiography was the imaging mode used [41]; this is possibly due to the technique being
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very well-established in Japan from previous volcano imaging studies. The detection system

consisted of layers of scintillator bars with 10 cm-thick iron shielding; three layers of X-Y

planes were used to reduce the probability of accidental coincidences from the background


rays. The system was �rst tested by imaging the functional Japan Atomic Power Company

(JAPC) reactor [ 56]. Subsequently, muon radiography was applied to all three of the damaged

Fukushima reactors. At Unit-1 [57], the reactor was successfully imaged and it was determined

that the melted fuel assemblies had likely dropped below the pressure vessel, but could not be

directly observed. Similar conclusions were drawn for the assemblies of Unit-2 [58], for which

an excess of mass consistent with that of the fuel assemblies was observed at the bottom

of the pressure vessel; and at Unit-3 [59], for which a mass anomaly of around 60 tons was

observed at the bottom of the pressure vessel. Figure 3.12 shows an example radiography

image of Unit-1 after 90 days' exposure.

Figure 3.12: From [57], radiographic images of the Fukushima Unit-1 reactor obtained from three di�erent
detector locations, after 90 days' exposure.
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Chapter 4

Material identi�cation of objects in

heterogeneous waste drums

4.1 Introduction

This chapter describes a Muon Scattering Tomography (MST) simulation study in which

machine learning is applied to MST to improve its ability to determine the materials of stored

objects inside concrete-�lled nuclear waste drums. The technique is based on exploitation of a

powerful MST imaging algorithm. Starting with a discussion of nuclear waste and available

techniques for non-destructive assay of sealed waste containers, the development of the method

from previous studies using machine learning for MST to the algorithm used and its adaptation

for a classi�cation problem is elucidated. Results of applying the technique to a variety of

waste drum scenarios are then presented. Finally the limitations of the method and possible

avenues for further study are discussed.

4.1.1 Nuclear waste storage

Nuclear energy is a vital component of the energy sources of many countries. The sector

made up 30.5% of the energy generated in the European Union in 2022 [60], with most of

the remainder consisting of fossil fuels (25.5%) and renewable energy sources (40.8%). The

window to avert catastrophic climate change in the near future is rapidly closing, requiring a

rapid transition away from fossil fuel energy production. Ultimately, renewable energy sources

represent the best possible medium-term solution for the world's energy needs. However, it

is di�cult to see how a transition to an entirely renewables-based energy market can occur

without the use of nuclear energy, making it a necessary evil in the short term at least.

The nuclear energy industry has two main characteristic problems: the waste generated

from power plants (inevitable, and long-term), and the risk of nuclear catastrophe. The

latter risk is illustrated vividly by the Chernobyl (1986) and Fukushima (2011) disasters; in

each case unforeseen circumstances (compromises in reactor design [61] and loss of power

following a natural disaster [41], respectively) led to crises that threatened millions of lives and
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required enormous resources and ongoing e�orts to control and stabilise. Although modern

reactor designs are far safer, the risk of a disaster threatening many lives cannot be completely

eliminated.

Waste material from nuclear power plants is also extremely dangerous if not properly

handled and stored. For the most dangerous nuclear waste, most countries intend to build huge

storage facilities deep underground (`geological repositories') [62], in which the waste is stored

inde�nitely, with the repository eventually back-�lled with absorbant clay and abandoned.

Less hazardous waste can be stored at shallower depths or on the surface; storage plans can

di�er signi�cantly by country, as can waste classi�cation schemes.

In the broadest terms, waste can be classi�ed as High Level Waste (HLW) or Low Level

Waste (LLW). The former category includes hazardous isotopes extracted during reprocessing

of spent fuel, as well as the spent fuel rods themselves [63]. Initially, these are metallic

tubes containing pellets of uranium oxide fuel; before use in a reactor they are only mildly

radioactive. During reactor operation a controlled �ssion chain reaction occurs in the �ssile
235U isotopes, producing the unstable �ssion products90Sr and 137Cs. These isotopes have

half-lives of around 30 years and so are extremely hazardous. After removal from a reactor,

fuel rods must be stored underwater for several years, for both cooling and radiation shielding.

LLW, however, is harder to de�ne; one de�nition from U.S. Public Law is is " radioactive

waste not classi�ed as high-level radioactive waste, transuranic waste, spent nuclear fuel, or

byproduct material" [64]. Examples include contaminated construction materials (e.g. metal

piping), biological waste from medical applications, and miscellaneous general waste. It does

not require water storage or deep geological disposal. It is often stored in steel, concrete-�lled

waste drums and disposed of at surface level or shallow underground sites (see �gure 4.1).

Figure 4.1: Nuclear waste drums inside a concrete vault at the ANDRA CSA waste disposal facility in Aube,
France. These drums contain short-lived low- and intermediate-level waste. The vault is back-�lled with
concrete as new layers of drums are added; when full it is sealed for a minimum of 300 years.
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4.1.2 Non-destructive assay

Although the contents of all waste drums should be carefully documented, such records can

be lost, or may be inaccurate. Additionally, legacy waste drums from the early history of

the nuclear industry may have no extant documentation of their contents. It is therefore

important to develop techniques to assay waste drum contents without opening or destroying

the drum, so as to eliminate the risks of personnel radiation exposure and release of hazardous

material into the environment. Such methods are collectively described as Non-Destructive

Assay (NDA) techniques. For example, X-ray imaging (both radiography and tomography)

is often applied to waste drums [65]. This type of NDA speci�cally is `active', as additional

energy is being arti�cially introduced into the system. Other NDA techniques are `passive':

measurements are made external to the drum and without using additional generated particles.

Gamma spectroscopy of a waste drum is a widely used passive NDA technique; the gamma

spectrum can be used to identify and quantify speci�c radionuclides. In general passive

techniques are cheaper and less hazardous than active techniques.

CHANCE [ 66] was an EU-H2020 funded project to investigate several novel techniques

for passive NDA of waste drums. The three methods tested were calorimetry, in which the

presence of radionuclides is determined by monitoring the decay heat produced by the drum

[67]; cavity ring-down spectroscopy, which characterises drum contents from outgassing; and

Muon Scattering Tomography (MST). MST has already been shown to be e�ective at imaging

the interiors of waste drums after several days' exposure [68], allowing the stored objects

inside to be viewed. This chapter describes a study into the use of MST data and machine

learning techniques for a more detailed assay of drum contents, speci�cally attempting to

identify the material compositions of stored objects.

4.2 Binned clustering algorithm

The PoCA MST algorithm (see section 3.3.2) accounts only for the mean muon scattering

angles, and does not take into account the number density of high-angle scatterings. This is

useful information to include in an MST algorithm, as more muon scatterings will occur in

high-Z material (when normalised by the muon momentum, discussed below) and hence the

number density of PoCA scattering vertices is indicative ofZ . An algorithm that builds on

PoCA by incorporating this additional information is the binned clustering algorithm [ 50],

originally developed for cargo scanning applications and later applied to waste drum imaging.

Speci�cally, the binned clustering algorithm makes use of metric valuesmij , where for

two scattering vertices i and j

mij =
jx i � x j j

(� i pi )( � j pj )
(4.1)

wherex i , � i and pi are respectively the position, scattering angle and momentum of scattering

vertex i . A higher density of scattering vertices will therefore lead to lower metric values (see

�gure 4.2). The normalisation by muon momentum is to account for the larger scattering

angles of lower energy muons, which could otherwise be misread as indicating the presence of
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high-Z materials. The muon momentum is di�cult to measure accurately and this should be

accounted for when designing an MST simulation; often including even a heavily smeared

momentum information can signi�cantly improve results. The momentum approach used in

the simulations performed here is discussed in more detail in sections 4.3.2 and 4.4.

The operation of the algorithm with muon detector hit data as input is as follows:

1. Divide the volume of interest into sub-volumes, the size of which will depend on the

application (e.g. large volumes for cargo scanning, small voxels for drum imaging). For

each sub-volumeV prepare empty lists V� and Vx .

2. Identify incoming and outgoing tracks for each muoni as straight line �ts to triplets of

hits in the top and bottom detector modules respectively.

3. Perform a combined �t to obtain the �nal track slopes k i; in and k i; out and `scattering

vertex' (the PoCA) position x i . For each muon, this �t is achieved by using MINUIT

[69] to minimise the energy functionE = Ex + Ey , where

Ex =
3X

j =1

(hx;j � (x + kx; in � t))2

� hx;j

+
6X

j =4

(hx;j � (x + kx;out � t))2

� hx;j

(4.2)

and Ey is de�ned similarly. Here hx;j are the measuredx hit positions in each layer,

t � hz;j � z, and � hx;j is the statistical uncertainty on the hit positions.

4. Calculate the scattering angle� i from k i; in and k i; out .

5. Append � i to V� and x i to Vx , where V is the sub-volume that contains the scattering

vertex.

6. Repeat for all muons.

7. For all V , sort the lists V� and Vx in descending order of scattering angle.

8. Choose a value for the parametern. Discard sub-volumes containing< n vertices.

9. For each remaining sub-volume, discard all but then tracks with the largest scattering

angles.

10. For each of then!=2(n � 2)! pairs of vertices in eachV , calculate the metric value mij

using equation 4.2. Calculate the median of the distribution oflogmij values; this is

the discriminator value for V .

For a cargo scanning application with strict limitations on exposure time, large sub-volumes

are used, and a decision (e.g. safe or unsafe) is made based on a cut on the minimum

discriminator value. The algorithm was �rst applied to more granular sub-volumes, allowing

full 3D imaging, in [68].

The algorithm's parameter n needs to be treated carefully. A largern will, in general,

improve the contrast between materials, as more tracks and hence more scattering information
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Figure 4.2: Distributions of the binned clustering algorithm's discriminator value for muons passing through
20 cm cubes of uranium and concrete. Muon scatterings occur more often in the high-Z uranium, leading to a
higher number density of scattering vertices and hence smaller metric values (see equation 4.2).

is included. But as volumes containing< n vertices are discarded, information from those

regions is lost. For a cargo scanning application, in which only a single sub volume is required

to make a decision,n can simply be set to an estimate of the number of tracks expected in

a sub-volume of that size, for that exposure time, as in [50]. For an imaging application, in

which the sub-volumes are cm-scale `voxels', the choice ofn will a�ect the image, as shown

in �gure 4.3. A larger n will lead to many image voxels being discarded (coloured white);

these voxels generally correspond to lower-Z materials (air and concrete) in the volume of

interest where not enough scatters occurred to recordn vertices. This leads to less clear

images (especially ifn is large enough that the borders of the drum itself become indistinct),

but the removal of these largely low-Z regions becomes exploitable if the stored objects in the

drum are of primary interest.

Figure 4.4 demonstrates that, whilst the algorithm is e�cient at imaging metal blocks in a

concrete-�lled drum, determining the material of the blocks `by eye' is not trivial. For example,

the uranium and lead blocks both appear as clear dark regions, but distinguishing the higher-Z

material is di�cult, and would be more so if the other material was not available for direct

comparison. For this reason, it was decided to attempt to use machine learning techniques to

build on the binned clustering algorithm by �rst isolating the voxels corresponding to stored

objects and then determining their materials.
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Figure 4.3: Binned clustering algorithm MST images of a drum containing three 15 cm side length cubes of
uranium, lead and iron, 10 days' exposure time, for di�erent settings for n (the number of tracks in each voxel).
Each 2D image is the z = 0 slice through the full 3D output image. The image value of each voxel here is the
algorithm's discriminator value (which is lower for higher Z material) subtracted from 12, for visibility.

Figure 4.4: Binned clustering algorithm MST images of a drum containing 10 cm cubes of uranium (left) and
lead (right). 10 days' exposure time, n = 5 . In both cases the metal block is clearly visible but determining its
material is not trivial.

4.3 MST simulation setup

4.3.1 Software

The study was performed using a set of Monte Carlo simulations (see section 2.5). Simulations

of this type are widely used in MST studies; they are extremely useful for testing detector

con�gurations, algorithms and other methods that would be di�cult or impractical to perform

experimentally. In this case, as the development of the method required MST of a large

number of di�erent waste drum con�gurations with several days' exposure time each, an

experimental study was not possible. Simulations also allow for considering cases with large

blocks of hazardous material, such as uranium, that would not be obtainable otherwise.

The simulations made use of the CRESTA software [70], which is built on the GEANT4

[13] particle transport toolkit. CRESTA includes an MST detector system, with a concrete-

�lled waste drum into which objects can be placed. The initial particles were generated using

40


	Introduction
	Cosmic-ray muons
	Cosmic rays
	The muon flux
	Muon interactions in matter
	Electronic losses
	Radiative losses

	Detector technology
	Scintillator
	Nuclear emulsion films
	Gaseous detectors

	Monte Carlo muon simulations

	Muon radiography and muon scattering tomography
	Overview
	Muon radiography
	Technique
	Applications

	Muon scattering tomography
	Technique
	MST algorithms
	Applications


	Material identification of objects in heterogeneous waste drums
	Introduction
	Nuclear waste storage
	Non-destructive assay

	Binned clustering algorithm
	MST simulation setup
	Software
	Detector specification

	Multivariate analysis: separating object voxels
	Machine learning and MST
	ROC analysis
	MVA classification of voxels
	MVA classifier training
	Momentum
	Overtraining
	Material classification of voxels
	Filtering concrete matrix

	Clustering
	Multivariate analysis: material decisions
	Iron and lead classifiers
	Material scores
	Size calibration

	Results
	Material decisions for various geometries
	Detection of small uranium objects

	Conclusions

	Design information verification for geological repositories
	Introduction
	Deep geological waste repositories
	Design information verification

	Backwards Monte Carlo simulations for muon radiography
	MUSIC
	PUMAS
	PUMAS with CRESTA

	Repository model
	Simulated model design
	Overburden material

	Void detectability
	Exposure time
	Large void - single detector
	Large void - multiple detectors
	Small voids

	Opacity
	Void imaging via SART
	SART algorithm overview
	Distance matrix
	SART imaging results

	Conclusions

	Assay of a real CCS site with muon radiography
	Introduction
	Carbon Capture and Storage (CCS)

	Muon radiography simulation software
	Helical detector for borehole emplacement
	Target box size calibration
	Minimum muon energy

	Sleipner model
	Sleipner CCS site
	CGG
	Simulated model
	CO2 plume

	Geantino analysis
	Assay of Sleipner model with geantinos
	Estimation of carbon dioxide injection rate
	Reconstruction of plume shape

	Muon radiography of Sleipner site
	Significance of muon flux changes
	Angular opacity measurements
	Plume angular opacity change detection
	Generalising to other overburden materials

	Conclusions

	Summary and conclusions
	Acknowledgements
	Appendix A: Machine learning method hyperparameters
	Appendix B: List of publications
	Bibliography

