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Abstract

Cosmic ray muon tomography is a promising non-destructive imaging
technique. At present, muon tomography is mainly applied to detect
high-Z nuclear materials within a measuring time in the order of hours
or days. Many efforts are put to improve the spatial resolution of the
reconstructed image by proposing more and more advanced image
reconstruction algorithms regardless of the cost for longer measuring
time. However, it remains a question that what kind of material it is
even when the reconstructed image has been obtained. Thus the ma-
jor work of this study is to investigate the ability for material discrim-
ination by muon tomography. Currently two major concerns about
muon tomography are, first, to what extent high-Z materials could be
discriminated from each other by muon tomography, like identifying
Uranium, Tungsten and Lead; and second, whether muon tomogra-
phy could be applied in fast imaging to detect low-Z materials con-
cealed in large dense metals, like detecting explosives or drugs hidden
in steel in cargo inspections at ports or customs.

This paper investigates the two questions and proposes a method
to automatically discriminate various materials by means of machine
learning. A Geant4 Monte Carlo simulation is built based on the Ts-
inghua University MUon Tomography facilitY (TUMUTY) and a sup-
port vector machine (SVM) classifier is trained to differentiate vari-
ous materials, from high-Z nuclear materials, to medium-Z metals and
low-Z non-metallic materials. For high-Z nuclear materials, it is pos-
sible to identify Pb, W and U from each other by muon tomography
but the results need to be further improved. Among all the classifiers,
the SVM classifier has the best performance for material discrimina-
tion and the mean error rate to discriminate Pb, W and U is about
30%. For the low-Z non-metallic materials and medium-Z metals, in
the Monte Carlo simulation, for 20× 20× 20 cm3 various objects, with
a measurement time from 1 min to 30 min, it’s possible to differenti-
ate drugs and explosives from background and metals by muon to-
mography. The mean misclassification rate for drugs and explosives is
about 1% from 10 min to 30 min, and degrades to about 12.9% with 1
min. Then we conduct three experiments based on the TUMUTY plat-
form, including measuring an Al cube and a powder cube, measuring
a powder cube fully surrounded with steel cylinders, and measuring
a powder cube concealed in an iron box. It’s demonstrated that our
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proposed method for material discrimination is valid and the SVM
classifiers trained by simulation are applicable to the experiment data.
In summary, the proposed method for material discrimination and the
trained SVM classifiers are valid in real-world applications.

Keywords: muon tomography; material discrimination; scattering den-
sity; machine learning
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Sammanfattning

Myontomografi med kosmisk strålning är en lovande, oförstörande
bildteknik. För närvarande appliceras myontomografi huvudsakligen
för att detektera kärnmaterial med höga Z inom en mättid av stor-
leksordningen timmar eller dagar. Många ansträngningar görs för att
förbättra den spatiella upplösningen av den rekonstruerade bilden ge-
nom att föreslå mer och mer avancerade bildrekonstruktionalgoritmer
oavsett kostnaden i form av längre mättid. Även när den rekonstruera-
de bilden har erhållits är det emellertid fortfarande en fråga vilken typ
av material det är. Således är det stora arbetet med denna undersök-
ning att undersöka möjligheten till att särskilja material med myon-
tomografi. För närvarande är två viktiga farhågor om myontomogra-
fi först och främst i vilken utsträckning hög-Z-material kan särskiljas
från varandra genom myontomografi, såsom att identifiera uran, wol-
fram och bly; och för det andra om myontomografi kan användas i
snabb bildbehandling för att upptäcka material med låga Z som är dol-
da i stora täta metaller, såsom att upptäcka sprängämnen eller droger
som är dolda i stål vid lastinspektioner vid hamnar eller tullar.

Detta dokument undersöker de två frågorna och föreslår en me-
tod för att automatiskt skilja mellan olika material genom maskinin-
lärning. En Geant4 Monte Carlo-simulering baserad på Tsinghua Uni-
versity MUon Tomography facilitY (TUMUTY) tas fram och en SVM-
klassificerare (stödvektormaskin) tränas för att skilja olika material åt,
från kärnmaterial med höga Z, till metaller med medelhöga Z och icke-
metalliska material med låga Z. För nukleära material med höga Z är
det möjligt att skilja mellan Pb, W och U med myontomografi, men
resultaten behöver förbättras ytterligare. Bland alla klassificerare har
SVM-klassificeraren det bästa resultatet för särskillnad av material och
den genomsnittliga felandelen vid särskillnad av Pb, W och U är cirka
30%. För ickemetallerna med låga Z och metallerna med medelhöga
Z är det i Monte Carlo-simuleringen, för olika 20 × 20 × 20 cm3 stora
föremål och med en mättid från 1 min till 30 min, möjligt att särskil-
ja droger och sprängämnen från bakgrund och metaller med hjälp av
myontomografi. Den genomsnittliga felklassificeringsandelen för dro-
ger och sprängämnen är ca 1% från 10 min till 30 min och försämras
till ca 12.9% med 1 min. Därefter genomför vi tre experiment basera-
de på TUMUTY-plattformen, bland annat mätning av en Al-kub och
en pulverkub, mätning av en pulverkub helt omgiven av stålcylindrar,
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och mätning av en pulverkub som döljs i en järnbehållare. Det har vi-
sats att vår föreslagna metod för särskillnad av material är giltig och
att SVM-klassificerarna som tränats genom simulering är tillämpliga
på experimentdata. Sammanfattningsvis är den föreslagna metoden
för särskillnad av material och de tränade SVM-klassificerarna giltiga
i verkliga applikationer.

Nyckelord: myontomografi; särskillnad av material; spridningstäthet;
maskininlärning
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Chapter 1

Introduction

1.1 Background and significance

The application of nuclear energy and nuclear technology is a result
of the fast development of modern science and technology, benefiting
humans and the society in many areas including clearer energy usage,
medical imaging and therapy, and security inspections in everyday
life [1]. However, risks also accompany. The Fukushima nuclear acci-
dent in 2011 caused great impact on Japan’s economy, politics, and the
global ecological environment and people’s lives [2]. At the same time,
it also aroused significant public concern over nuclear safety. Since
2014, the international terrorist organization Islamic State of Iraq and
al Shams (ISIS) continued to expand with more and more rampant ac-
tivities around the world, bringing about new nuclear safety issues
and terrorism threats. In early 2015, the International Atomic Energy
Agency (IAEA) announced that there were 2734 cases of loss, theft and
smuggling of dangerous nuclear materials and radioactive materials
around the world from 1993 to 2014. Among all the cases, 442 of them
involved illegal possession or crimes, 714 cases were caused by theft
or lost, 1526 cases involved other unapproved activities, and the re-
maining 86 cases were unknown. Although China has kept a good
record of nuclear safety, yet many radioactive sources were once lost
or stolen. For example, in 2014, the Ir-192 radioactive source was lost
in Nanjing, which caused great public panic in China. Therefore, it’s
of great importance to develop nuclear material detection methods,
strictly control nuclear materials and set up nuclear safety manage-
ment.

1
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Two kinds of techniques are commonly used for nuclear material
detection: active detection methods and passive detection methods.
Active detection methods usually use X-rays, gamma rays or neutrons
as sources to irradiate the object to be detected, and then determine
the presence or absence of suspicious materials through the structural
or material property information [3, 4, 5, 6, 7]. It has the advantages of
rapid detection and fast imaging. But the radiation sources are usually
generated by accelerators, with great concern over radiation protection
and high costs. Passive detection methods mainly detect the inherent
radiation of radioactive materials to determine the presence and type
of materials. Since it does not require the artificial radiation sources,
it is widely used in ports, customs and borders. However, if terror-
ists shield the radioactive materials by lead or other materials, they
may escape the passive inspection. Therefore, it requires to develop
new promising imaging techniques to compensate the disadvantages
of both mentioned methods, and effectively detect not only shielded
nuclear materials but also drug or explosive smuggling.

Cosmic ray muon tomography is a promising non-destructive imag-
ing technique emerging in recent years [8, 9]. Muons are naturally
generated in the atmosphere and have very high energy to completely
penetrate high-Z materials [10]. When muons penetrate objects and
get scattered, the scattering angle distribution is dependent on the
atomic number Z of a material. It could penetrate large dense shield-
ing materials, and thus could be effectively used to detect high-Z ma-
terials such as nuclear materials and radioactive materials [11]. Since
no external radiation source is needed in muon tomography, the risk
of radiation damage could be avoided, which makes muon tomogra-
phy widely studied and applied in recent years. And a lot of research
topics are being proposed and solved, including physics principles
for imaging, detector and readout electronics designs, image recon-
struction algorithms, system designs, operation and maintenance, etc.
However, due to the fact that natural cosmic ray muons have a low
flux of 1 cm−2min−1 at sea level [10, 12], muon tomography usually re-
quires a longer measuring time to correctly determine the shape, size
and the spatial position of an object, which narrows the application of
muon tomography to some extent.

At present, muon tomography is mainly applied to detect high-Z
nuclear materials within a measuring time in the order of hours or
days [11]. Many efforts are put to improve the spatial resolution of the
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reconstructed image by proposing more and more advanced image
reconstruction algorithms regardless of the cost for longer measuring
time [13]. However, it remains a question that what kind of material it
is even when the reconstructed image has been obtained. The purpose
of this work is to investigate the ability for material discrimination by
muon tomography. What remains to be answered till now is to what
extent high-Z materials could be discriminated from each other by
muon tomography, like identifying U, W and Pb; and whether muon
tomography could be used in fast imaging to detect low-Z materials
concealed in large dense metals, like detecting explosives or drugs
hidden in steel in cargo inspections at ports or customs. This paper
investigates the two questions and proposes a method to automati-
cally discriminate various materials by means of machine learning. It
will shed light on the previously under-explored difficulty of apply-
ing muon tomography to not only imaging special nuclear materials
with more complicated geometric structures, but also to industry se-
curity inspections which require to scan the cargo within acceptable
measuring time.

1.2 Principles and research status of muon
tomography

1.2.1 Cosmic ray muons

Muons were first discovered by Carl D. Anderson and Seth Nedder-
meyer in 1936 and initially named "mesotron". When they exposed a
cloud chamber in cosmic rays, they observed that the particles had a
different magnetic deflection with sharper curvature than protons but
less than electrons as shown in Fig. 1.1. Besides, it’s found that the
particle also has energy losses in heavy materials. So they suggested
the existence of a new particle with an electronic charge and a mass
between electrons and protons.

Primary cosmic rays produced in the universe contain about 87%
protons, 12% helium nuclei and 2% electrons, while the balance are
heavier nuclei that are the end products of stellar nucleosynthesis.
When these primary cosmic rays with very high energies interact with
the nuclei in the earth’s atmosphere, secondary particles are produced,
including protons, neutrons, pions (both charged and neutral), kaons,
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Figure 1.1: Pion- muon- electron decay chain at CERN

photons, electrons and positrons. The following cascade process pro-
duces other particles. In particular, muons will be produced together
with neutrino or antineutrino by the spontaneous decay of charged
pions with a half-life of 26 ns (see Eq. 1.1). The cosmic ray cascade
shower is shown in Fig. 1.2. The energy and total flux of the particles
in cosmic rays at sea level are shown in Table 1.1.

π+ → µ+ + ν

π− → µ− + ν̄ (1.1)

Some of the muons produced in the cascade in the upper atmo-
sphere interact with atmospheric nuclei or decay spontaneously. The
half-life of muons is 2.2 µs, much longer than that of pions. Muon de-
cay produces electrons, anti-electron neutrinos and muon neutrinos,
as shown in Eq. 1.2. And the velocity of muons is close to the speed of
light. According to the time dilation effect of special relativity, muons
can pass through the atmosphere and reach the Earth’s surface with
a mean energy of about 3 to 4 GeV. The flux of natural muons at sea
level is approximate 1 cm−2min−1.
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Figure 1.2: Cosmic ray cascade shower.

Table 1.1: Particles in cosmic rays at sea level.

Particle Mean energy (MeV) Flux (cm−2s−1)

Muon 3928.14 1.24e-2
Neutron 222.72 2.38e-3
Proton 852.72 1.77e-4
Gamma 28.02 1.75e-2
Positron 111.22 1.18e-3
Electron 77.59 1.98e-3

µ− → e− + ν̄e + νµ

µ+ → e+ + ν̄µ + νe (1.2)

Because electrons can be generated from the decay of muons, their
properties are similar (shown in Table 1.2). The main difference is that
the mass of muon is 207 times larger than that of electron. When it
comes to the interaction with other materials, muons are more likely
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to be scattered while the electrons are usually absorbed. So muons are
suitable to detect the materials with high densities and high atomic
numbers, such as Pb and U. In comparison, electrons are applicable
to detect materials with low densities and smaller atomic numbers,
like the organic matter. According to the different characteristics of
muons and electrons, using both muons and electrons for tomography
is shown to be able to detect not only high Z materials and gamma
emitting radionuclides, but also low Z and low density materials [14].

Table 1.2: Properties of muons and electrons

Particle Charge Spin Mass (MeV
c2

) Scattering Application

Muon e 1
2

105.7 Weak high ρ & high Z
Electron e 1

2
0.511 Strong low ρ & low Z

1.2.2 Principles of muon tomography

Since the discovery of X-ray imaging in 1895, scientists have explored
the applications of various particles for imaging. The applications are
different for various particles, as shown in Table 1.3.

Table 1.3: Characteristic and scale of imaging for different particles

Particle Fundamental interaction Scale of range

e, X-ray Electromagnetic (EM) force < 10 m
p, n, π meson Strong force, EM force ∼ 10 m
Neutrino Weak force Size of earth
µ EM force, Weak force 100 to 1000 m

There are three factors that can be used to distinguish different ma-
terials and densities in imaging: the attenuation, the scattering prop-
erty and the energy spectrum of particles after passing through dif-
ferent materials [8]. Current applications in muon imaging is mainly
based on the first two properties. That is, the interaction between
muons and materials results in not only a loss of energy, but also scat-
tering by the potential of nuclei and electrons of the materials at the
same time. In large-scale object, the attenuation coefficient of particles
in matter is used as the detection property, such as measuring snow
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thickness on mountains, searching for hidden chambers in the Egyp-
tian pyramid and the volcano radiography. With high penetrability, al-
most all muons can get through small-scale objects regardless of their
compositions and densities. For small objects, especially for cargo in-
spections, muons interact with other materials mainly by a series of
Coulomb scattering. That is, for each scattering the muon track will
be deflected from the original direction slightly. So during the multi-
ple Coulomb scattering the deflection angle between the incoming and
the outgoing direction is detectable, which can be used in small-scale
object imaging.

According to the Molière theory [9], the scattering angle approxi-
mately satisfies the Gaussian distribution and the root mean square of
the scattering angle is shown in Eq. 1.3.

σθ =
13.6 MeV

βcp
e

√
x

X0

(
1 + 0.038ln

x

X0

)
(1.3)

where p, βc and e are the momentum, speed and charge of muons
respectively, x is the path length of muons in materials, and X0 is the
radiation length given by [9]

X0 =
716.4 gcm−2A

Z(Z + 1)ln(287/
√
Z)

(1.4)

where Z and A are the atomic number and the mass number of a ma-
terial. Given that the speed of muon is very close to the speed of light,
thus the value of βc is approximately to be 1. The charge of muons is
either 1 or -1. The value of 0.038ln( x

X0
) in Eq. 1.3 is usually far less than

1. Thus Eq. 1.3 could be simplified to

σθ =
13.6

p

√
x

X0

(1.5)

To eliminate the dependence of scattering angle on material thick-
nesses, the scattering density is defined as Eq. 1.6 [10], which is only
related to the atomic number and the mass number of a material, and
the momentum of muons. Thus various materials could be deter-
mined by the scattering density.

λ =
σ2
θ

x
=

(
13.6

p

)2
1

X0

(1.6)
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Therefore, the bigger Z, the bigger scattering angle (shown in Fig.
1.3). In fact the scattering property is one of the imaging properties for
muon tomography. The difference of scattering density between high
Z nuclides and low Z nuclides can be used to detect whether high Z
materials exist in low Z environment. So muon tomography can be ap-
plied to distinguish materials of different atomic numbers and also to
get the shape and the position of the objects by image reconstruction.
Muon tomography has displayed great importance in nondestructive
inspections of heavy nuclides hidden in cargos or ships.

Figure 1.3: The relationship among scattering angle, radiation length
and atomic number

1.2.3 Research status of muon tomography

In 2003 Los Alamos National Laboratory (LANL) established the first
muon tomography system using 8 layers drift tube chambers for de-
tecting muon tracks [9]. A tungsten cylinder with a 5 cm radius and a
5.7 cm height was used as a test object, proving the feasibility of muon
tomography. Several algorithms of image reconstruction was devel-
oped by LANL such as PoCA, MLSD, MAP, GSM and so on [15, 13,
16, 17, 18]. Besides, the hypothesis testing method based on Bayesian
learning was proposed for detecting heavy nuclear materials [17].

The British Atomic Weapons Establishment and Bristol University
built up an imaging system by 12 resistive plate chamber (RPC) de-
tectors, each of which has a position resolution of 0.5 mm, a time res-
olution of 10 ns and a detection efficiency of 95% [19, 20, 21, 22, 23].
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By means of cluster analysis and Markov Monte Carlo simulation to
improve the PoCA algorithm, the time of examining the existence of
high Z materials could be shortened to within 1 min.

In 2009 Canadian CRIPT (Cosmic Ray Inspection and Passive To-
mography) group was established, which designed and built up a
muon tomography system for container inspections [24, 25, 26].

The Italian INFN group constructed a prototype muon tomogra-
phy system using 8 drift chambers to test hidden nuclear materials in
transport vehicles [27]. Antonuccio advanced a system scheme of large
area (18 m2) detectors based on scintillator strips for cargo inspec-
tion [28]. Benettoni developed List Mode Iterative Algorithm (LMIA),
which can reduce image noises and promote image quality dramati-
cally [29].

The American Florida Institute of Technology (FIT) group built a
small muon tomography system using 30 × 30 cm2 Gas Electron Mul-
tiplier with a position resolution of 130 µm. And they also proposed
that adding side detectors in the system could help increase the accep-
tance of muon incidents [30, 31, 32].

In 2009 Tsinghua University established a small muon tomography
platform TUMUTY (Tsinghua University MUon Tomography facilitY)
using Multi-gap Resistive Plate Chamber (MRPC) detectors [33, 34],
which has an efficient area of 73.6× 73.6 cm2 and a detection efficiency
greater than 90% (see Fig. 1.4).

1.2.4 Applications of muon tomography

On August 2011 DSIC (Decision Sciences International Corporation)
designed the muon tomography prototype MMPDS (Multi Mode Pas-
sive Detection System) for testing Special Nuclear Materials (SNM). In
the 10 days’ test, more than 1800 objects were scanned, and the MM-
PDS system showed zero down time [14].

The first experimental prototype scanner trailer, MMPDS, was built
in Bahamas Freeport Container Terminal, Poway, California (shown in
Fig. 1.5). In 2012 the MMPDS system was installed at the entrance and
exit door of container terminals to scan all goods going in and out.
Until now DSIC has acquired nearly 2000 boxes of scanned data for
collecting valuable business data.

The MMPDS trailer mounted in Freeport Container Terminal was
designed to be a convenient scanning facility [14]. It can be built be-



10 CHAPTER 1. INTRODUCTION

Figure 1.4: TUMUTY muon tomography platform at Tsinghua Univer-
sity.

Figure 1.5: MMPDS at Bahamas Freeport.

tween islands. Such a system can be relocatable according to the yield
of the port business (shown in Fig. 1.6), providing either a bulky or a
small volume scanning framework for business efficiency.

Muon tomography is also widely used in nuclear industry in many
scanning and monitoring operations, such as monitoring fuel rod in
the storage container by muon tomography, monitoring a nuclear re-
actor core to confirm the presence of nuclear fuel, as well as ensuring
the inside state of the reactor core in case of nuclear accidents. On Au-
gust 8, 2014, DSIC signed a contract with Toshiba Company to build
a muon tomography system helping with the restore of Fukushima
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Figure 1.6: Relocatable MMPDS

Daiichi nuclear power plants. DSIC would design and manufacture
the detectors and drift tube arrays suitable for Fukushima Daiichi to
determine the nuclear fuel position and status inside the reactor build-
ing (see Fig. 1.7). The information provided by the detectors will help
Toshiba to draw up a safe and effective accident remedy plan. The
MMPDS system would help detect nuclear fuels, and ensure the staff’s
safety. Tokyo Electric Power Company estimated that muon tomogra-
phy will help shorten the restoring time of the Fukushima accident by
at least 10 years.

Figure 1.7: Muon tomography on Fukushima nuclear power plants.

Furthermore, muon tomography is also used in nuclear waste con-
tainer imaging. From the results in Fig. 1.8, the high Z materials inside
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nuclear waste container could be clearly seen. And the precision of
imaging has already reached 1 cm. [35, 11].

Figure 1.8: Muon tomography on nuclear waste

1.3 Algorithms of image reconstruction

According to the different detection targets, the reconstruction imag-
ing algorithms for muon tomography could be divided into two cate-
gories: traditional image reconstruction algorithms by calculating the
spatial scattering density distributions, and novel rapid imaging algo-
rithms for detecting the presence of suspicious cargoes within accept-
able measuring time, like a minute scale. Most of the traditional image
reconstruction algorithms use the voxel model. That is, the imaging
space is divided into a number of uniformly distributed cuboid re-
gions (voxels), and the scattering density for one material within one
voxel is considered to be the same. According to the difference of the
physical model describing the deflection of muons, the traditional re-
construction algorithms can also be divided into two categories: the
one is based on muon tracks and the other is based on statistics.

1.3.1 PoCA algorithm

The track-based algorithm assumes that the deflection of muons is
caused by scattering by one or a few local voxels. The representative
algorithm is the PoCA (point of closest approach) algorithm proposed
by LANL [13]. It’s also the most common image reconstruction al-
gorithm as shown in Fig. 1.9. Because of multi Coulomb scattering
in objects, the real tracks of muons are complicated and only the in-
cidence and exit tracks can be detected. Thus we simplify the tracks
and assume that only one Coulomb scattering is generated in the ob-
jects for each muon. The position of this scattering point is supposed
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to be in the area closest to the point of intersection by extrapolating
the incoming and the outgoing muon tracks. And the scattering angle
is supposed to be the angle between the incoming and the outgoing
tracks. This image reconstruction algorithm is called PoCA algorithm.

Figure 1.9: PoCA algorithm.

1.3.2 MLSD algorithm

The statistics-based reconstruction algorithm considers the deflection
of muons to be the result of the interaction of all the voxels along the
muon tracks. This type of algorithm performs statistical modeling of
muons’ scattering angle distribution and maximizes the probability
density function through iterative optimization. The earliest of these
algorithms is the maximum likelihood scattering angle algorithm pro-
posed by LANL [16].

In comparison, the PoCA algorithm is simple and fast and is of-
ten used when the imaging requirements are not high. The MLSD
algorithm is accurate in modeling, but it requires more muons and is
usually used for fine imaging.
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1.3.3 Fast imaging algorithms

The fast imaging algorithm is different from the first two types. Its
purpose is not to obtain images, but to determine whether there are
contraband in cargoes. One of the representative imaging algorithms
is the clustering algorithm proposed by the University of Bristol [22,
23]. The clustering analysis, feature extraction, and pattern recognition
of the scattering angles of the tracks whose scattering points fall within
a certain area could help identify high-Z materials in a minute scale.
The other is the multi-mode rapid identification method proposed by
DSIC in 2015 [36], which combines the scattering information of cos-
mic ray muons and the stopping information of high energy cosmic
ray electrons. They propose a MMPDS system for large-scale con-
tainer inspections. The system can complete the detection of 40-foot
containers in 45 seconds, and the detection targets include not only
high-Z materials such as nuclear materials, but also explosives, drugs
and other organic materials. The fast imaging algorithm focuses on
the preliminary judgment of whether the contraband is contained or
not but the fine structure of the object cannot be obtained.

1.4 Research content and structure of the
paper

The focus of this paper is to propose a method to automatically dis-
criminate various materials by means of machine learning in muon
tomography. By Monte Carlo simulations and real-world experiments
on the TUMUTY platform, we hope to demonstrate that our proposed
method for material discrimination is valid and the trained classifiers
by simulation are applicable to the experiment data.

This paper is organized as follows:
The first chapter is introduction, which introduces the background

and significance of the work, the principles and research status of muon
tomography, and some image reconstruction algorithms used in muon
tomography.

The second chapter investigates the first proposed question by Monte
Carlo simulation, that is, to what extent high-Z materials could be dis-
criminated from each other by muon tomography, like identifying U,
W and Pb. Many classifiers are trained based on machine learning.
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In the third chapter, we propose a material discrimination method
by Monte Carlo simulation to discriminate low-Z non-metallic mate-
rials and medium-Z metals, which researches the second proposed
question.

In the forth chapter, we demonstrate the validness of the proposed
method and the trained classifiers by experiments on the TUMUTY
platform.

The last chapter is the conclusion of the paper and the further out-
look about muon tomography.



Chapter 2

Research on the recognition of
various high-Z materials by muon
tomography

The objective of this chapter is to study to what extent the high-Z mate-
rials including Pb, W and U could be discriminated from each other by
muon tomography. The focus is precise tomography, that is, whether
a spatial resolution of 1 cm could be obtained.

2.1 Theoretical analysis

As shown in Fig. 2.1, we assume that the spatial resolution of each de-
tector is ∆s = 1 mm and the distance between each of the upper three
detectors or the lower three detectors is d = 40 cm, and then the angle
resolution can be calculated as ∆θ = 2∆s

2d
= 2.5 mrad. The size of the

detected area F will not influence the angle resolution since the scat-
tering point is assumed to be a result of one single Coulomb scattering.
If an image spatial resolution of L = 1 cm can be reached, the scattering
density needs to satisfy λ ≥ ∆2

θ

L
= 6.25 mrad2cm−1. From Fig. 1.3 we

learn that the scattering densities of high-Z materials are much higher
than 6.25 mrad2cm−1. Therefore the spatial resolution of 1 cm can be
theoretically obtained.

16
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Figure 2.1: Spatial resolution and angle resolution of TUMUTY.

2.2 Monte Carlo simulation

A Geant4 Monte Carlo simulation program is developed based on the
TUMUTY platform to detect the incoming and the outgoing muon
tracks when the objects to be measured are Pb, W and U cubes (see
Fig. 2.2). There are 6 layers MRPC detectors with an efficient area of
73.6×73.6 cm2. In the simulation, the detection efficiency of each de-
tector is assumed to be 100%. The three 5×5×5 cm3 cubes are placed
in the center layer of TUMUTY side by side with a center distance of
12.5 cm from each other. From left to right, they are Pb, W and U re-
spectively (see Fig. 2.2).

The muon source is generated from CRY and impinges on an area
of 40×10 cm2 [37]. In the simulation we assume muons are gener-
ated in the central layer of the TUMUTY system and check whether
the muon track could be recorded by the detector or not. This is a
common method for convenience of calculating measuring time and
improving the computational efficiency. In the simulation the detec-
tion efficiency of each detector is assumed to be 100%. If one muon
track passes where the upper three detectors lie, the muon will un-
dergo interactions with the materials along its track and the track will
be recorded to the output file. Otherwise, the muon will not interact
with any materials and the simulation proceeds to the next muon. In
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order to more accurately calculate the measuring time and increase
the computational efficiency to a larger extent, the impinging area of
muons is selected as possibly small but at the same time to make sure
all the objects are not close to the boundary. Here we select a rectangu-
lar area since the three objects are placed side by side. Given that the
muon flux rate is about 1 cm−2min−1 at sea level, when 24 thousand
muons are emitted to the area, it corresponds to 1 h measuring time.
And we repeat independently 1000 times simulations, each of which
corresponds to 1 h measuring time.

We use the standard physics list for high energy particles “FTFP_BERT”
in Geant4, which contains all the cross sections for muons’ electro-
magnetic processes, including muon ionization, bremsstrahlung, pair
production, Coulomb scattering and multi scattering process. When
muons penetrate the objects and get scattered, the incoming and out-
going muon tracks are measured and the scattering density in Eq. 1.6
is reconstructed by the PoCA algorithm, with a reconstructed region
of 40×10×50 cm3.

The reconstructed spatial scattering densities for Pb, W and U by
the PoCA algorithm are shown in Fig. 2.3 with a measurement time
of 1 h. The position and shape of the three cubes could be clearly ob-
tained with a spatial resolution of 1 cm in Fig. 2.3. The color bar of
the denoised plots in Fig. 2.3 has no real meanings and it’s just an in-
dicator of how many times the scattering densities of U are to those
of W or Pb. The reconstructed scattering densities are often noisy and
it’s necessary to discard abnormally small and abnormally large scat-
tering densities. Here the scattering density is discarded which is less
than 0.1 mrad2cm−1 or larger than 500 mrad2cm−1 to reduce noises.
Then we extract the mean and standard deviation of scattering den-
sities for Pb, W and U from their corresponding positions with 1000
times independent simulations. The result is shown in Fig. 2.4.

2.3 Classification results by machine learn-
ing

To automatically discriminate the three high-Z materials, a classifier
needs to be trained. Here we want to use the mean and the standard
deviation as input features for training classifiers. A whitening trans-
formation requires to be finished before training classifiers, which is a
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Figure 2.2: Geant4 simulation setup. The cubes are Pb, W and U from
left to right. Each cube is 5 cm in length.

common linear transforming method used in machine learning [38].
The mean vector and the standard deviation vector are divided by
asimu0 and bsimu0 to make the two vectors uncorrelated with a vari-
ance of 1. As shown in Eq. 2.1, asimu0 and bsimu0 are the corresponding
variances of the mean vector and the standard deviation vector respec-
tively.

asimu0 = std(mean scattering densities for Pb, W and U)

bsimu0 = std(σ scattering densities for Pb, W and U) (2.1)
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(a) Spatial scattering density

(b) X-Y plane, sum all Z layers
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Figure 2.3: Reconstructed spatial scattering densities by the PoCA al-
gorithm. In (b) and (c), the objects are Pb, W and U from left to right.
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Figure 2.4: Mean and standard deviation of scattering density for Pb,
W and U.

A naive Bayes classifier, a SVM classifier and an Adaboost classifier
implanted in MATLAB are trained for material classification, which
are all supervised learning models in machine learning [38]. The re-
sults are shown in Fig. 2.5 to 2.7. The naive Bayes classifier has the
worst performance among the three classifiers and the SVM classifier
has the best performance with the misclassification rate in Table 2.1.

Table 2.1: Mean misclassification rate for the SVM classifier by means
of 2-fold cross-validation for Pb, W and U.
Mean error rate (%) Pb W U

With 1 h 24.47 33.33 24.03

2.4 Discussion and summary

It is possible to identify Pb, W and U from each other by muon tomog-
raphy, and also possible to theoretically reach a spatial resolution of 1
cm. Although muon tomography is good at detecting high-Z materi-
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Figure 2.5: Naive Bayes classifier.

Figure 2.6: SVM classifier.

als, the ability for identifying Pb, W and U from each other by muon
tomography remains to be further improved. Among all the classi-
fiers, the SVM classifier has the best performance for material discrim-
ination and the mean error rate to discriminate Pb, W and U is about
30%. In the following studies we will only use the SVM classifier for
material discrimination.
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Figure 2.7: Error rate by Adaboost classifier.



Chapter 3

Rapid discrimination of drugs and
explosives by muon tomography

At present major concerns at customs or ports contain not only smug-
gling special nuclear materials but also smuggling drugs and explo-
sives [39]. In 2016, two Taiwanese people attempted to smuggle nearly
600 kilograms of drugs to Japan concealed in a board yacht but they
were finally found in Naha Port, Okinawa, Japan. On March 23, 2018,
the Hohhot Customs in China uncovered the first case of smuggling
drugs in human bodies at the Erenhot Highway Port, with one Mon-
golian suspect arrested and 7.25 grams of methamphetamine seized.
In April 2018, the Kedah Customs Bureau cracked one of the biggest
drug smuggling cases this year at the Kurobe Hiramuyama checkpoint
and got 70 kilograms of methamphetamine which were covered up by
tea packaging and concealed in the dark compartment of the truck.
Also in April 2018, the Thai police announced that they had cracked
down the Thai’s largest drug smuggling case and seized a total of 38
million dollars drugs. The police discovered about 9.4 million pills
of methamphetamines and other 788 kilograms of methamphetamine
in a cargo in the Golden Triangle area of northern Thailand about
100 meters away from the Mekong River. Although many smugglers
know it’s illegal and dangerous to smuggle drugs, yet they still take
any chances to serve their interests and dream to enrich themselves
overnight. Therefore, it’s an urgent task to prevent smuggling by all
means. And one necessary means is to develop more effective and
sensitive techniques to discriminate drugs and explosives in cargo in-
spections.

24
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3.1 Detecting drugs and explosives

Drugs and explosives are both low-Z materials, which contain mainly
C, H, O, N elements. One representative for new type of drug is
methamphetamine, which contains also the chlorine element to make
it more stable. The propose of X-ray CT brings lights to the industry se-
curity inspection. Drugs and explosives could be differentiated based
on the their densities and mass attenuation coefficients [3, 4]. And
the development of accelerators speed up the flourishing of X-ray CT.
Now the energy of the X-rays could be as high as 9 MeV for indus-
try use. The dual-energy CT gives a possibility to differentiate more
types of materials with a higher accuracy. But now there still exist
some drawbacks of X-ray CT. First, it’s hard for X-ray CT to differenti-
ate materials with very similar compositions and densities, like heroin
and powder. Second, though the X-ray energy has been high enough,
it’s still impossible to penetrate very large dense cargoes and shielding
materials, including copper, steel or even lead. On that condition, the
X-ray CT becomes invalid. Third, radiation protection requires to be
considered not only for drivers, workers or operators, but for cargoes
themselves as well.

Another new technique used in cargo inspections is neutron CT,
whose principal is very similar to X-ray CT. But the requirements for
the neutron source are more than the X-ray source. The neutron source
is either generated by accelerators, or from nuclear reactions, or by
some spontaneous-fission radionuclides [5, 6, 7]. To ensure good im-
age quality, the flux rate of neutrons is required to be at least 105 to 106

neutrons/cm2/s. Since methamphetamine usually contains the chlo-
rine element, using fast/thermal neutrons can also induce the radia-
tive capture gamma-rays of the chlorine element, which is efficient to
discern drugs and powder or other low-Z materials without the chlo-
rine element contained. Although the neutron CT compensates some
of the drawbacks of X-ray CT, however, some other problems still re-
quires to be settled. First, the cost of the neutron CT is very high,
given the requirements for the neutron source. Second, it introduces
large amounts of extra radiation which makes radiation protection a
very important task. When neutrons interact with materials in car-
goes, even that a large fraction of neutrons are prompt neutrons, still a
small fraction of neutrons are delayed neutrons, which will make the
cargo itself a new radioactive source. Then we can imagine that the
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driver will be exposed to radiation all the way after the cargo finishes
inspections by the neutron CT.

Given all the advantages and disadvantages of X-ray CT and neu-
tron CT, one question rises that whether cosmic ray muon tomogra-
phy could be applied to differentiate low-Z materials including drugs
or explosives. Since muons are naturally generated in the atmosphere
and have sufficient energy to completely penetrate large dense car-
goes, muon tomography is a promising non-destructive imaging tech-
nique which compensates the drawbacks of both X-ray CT and neu-
tron CT. The research focus of previous studies has been applying
muon tomography to detect high-Z nuclear materials. It has been
demonstrated that muon tomography could be applied to differentiate
high-Z nuclear materials within a minute scale in real applications for
cargo inspections [40]. If muon tomography could be further applied
to discern medium-Z and low-Z materials, it will be a breakthrough
and solve a previous difficulty of detecting drugs or explosives hid-
den in large dense metals such as steel or copper.

In 2015, DSIC proposed the stopping to scattering ratio value, which
utilized the cosmic ray electrons’ stopping information together with
muons’ scattering information when interacting with various materi-
als [36]. It has shown that the stopping information of electrons helps
characterize some low-Z materials. However, one deficiency of this
method is that the ratio value is only a surface flux and could not be
voxelized, which brings about many inconveniences in real applica-
tions. And the potential to detect drugs and explosives only through
muon scattering tomography still requires further studies. The pur-
pose of this chapter is to investigate to what extent drugs and explo-
sives of a certain size could be differentiated from the air background
and metals within an acceptable measurement time.

3.2 Monte Carlo simulation

To investigate the performances of detecting metals and low-Z mate-
rials, a Geant4 Monte Carlo simulation is built based on the TUMUTY
platform and the simulation setup is shown in Fig. 3.1. The whole
geometry of TUMUTY is put in the atmosphere. 6 types of materials
are considered, including heroin, TNT, Al, Fe, Cu and Pb. Each of the
material is a 20×20×20 cm3 cube. Since the efficient detection area of
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the detector is limited, it’s impossible to put all the 6 objects in the ge-
ometry at one time. Then each time 2 of the above mentioned 6 objects
are placed in the center layer of TUMUTY with a center distance of
50 cm. In the center of the 2 cubes, 20×20×20 cm3 air is regarded as
background (Bg).

Figure 3.1: Simulation setup. The yellow cube is heroin and the red
cube is Fe.

The muon source is produced by CRY [37] and impinges on an
area of 100×50 cm2. Similarly to the simulation settings in Chapter
2, muons are assumed to be generated in the central layer of TUMUTY
so that we check if the muon tracks could be recorded by the detector.
In the simulation the detection efficiency of each detector is assumed
to be 100% as well. Similarly, the impinging area of muons is chosen
to be as small as possible, but at the same time it should be ensured
that all the objects are not close to the boundary. Therefore the 100×50
cm2 rectangular area is selected given that the two objects are placed
side by side. Taking into account that the muon flux rate at sea level is
approximately 1 cm−2min−1, when discharging 5 million, 50 thousand
and 5 thousand muons to the area, it corresponds to the measurement
times of 16.7 hours, 10 minutes and 1 minute, respectively.

The interaction between muons and materials leads to both an en-
ergy loss of muons, and scattering of muons at the same time. For
purpose of cargo inspections, muons mainly interact with other ma-
terials through multiple scattering, and almost all muons can pass
through the objects regardless of their compositions and densities. In
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the Geant4 simulation, we use the standard physics list for high-energy
particles named "FTFP_BERT" as well, which contains all cross sec-
tions of muons’ electromagnetic processes. When muons penetrate the
objects and get scattered, the incoming and outgoing muon tracks are
recorded. The scattering density in Eq. 1.6 is reconstructed by the
PoCA algorithm and the reconstructed region is 100×50×50 cm3.

Based on the performances of classifiers in Chapter 2, we train a
SVM classifier to differentiate the various materials automatically. Af-
ter obtaining the reconstructed scattering densities, the mean and the
standard deviation of scattering density are extracted as features for
training the SVM classifier. For each object, 1000 times independent
simulations are conducted with measurement times of 1 min, 10 min,
20 min and 30 min respectively. And for each simulation, the scatter-
ing density distributions of the 6 objects and background are obtained
by making a histogram of the scattering densities in the correspond-
ing regions. The reconstructed scattering densities are often noisy and
similarly we discard the scattering density which is either less than 0.1
mrad2cm−1 or larger than 500 mrad2cm−1 to reduce noises. Then the
mean and the standard deviation of scattering density are calculated
for each object in each simulation. To use the mean and the standard
deviation as inputs for training classifiers, we make a whitening trans-
formation of the mean and the standard deviation values to make the
two vectors uncorrelated with a variance of 1. Here the mean vec-
tor and the standard deviation vector are divided by asimu and bsimu
to get decorrelated, as shown in Eq. 3.1, which are the corresponding
variances of the mean vector and the standard deviation vector respec-
tively.

asimu = std(mean scattering densities for all simulated materials)

bsimu = std(σ scattering densities for all simulated materials)

(3.1)

After the whitening transformation, various materials could be clas-
sified to the corresponding types by the SVM classifier. Here we use a a
polynomial kernel function implanted in Matlab for the SVM classifier.
The mean error rate for classification is obtained by the 2-fold cross-
validation method [38], which separate all the measurement data into
two same-length sets and use the first set as train data and the second
set as test data and the vise versa.
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(a) 16.7 h (b) 10 min

Figure 3.2: Spatial scattering densities of heroin (left) and Fe (right).
The scattering density is defined in Eq. 1.6, which is the σ2

θ divided by
the thickness x, and thus it has a unit of mrad2cm−1. The measuring
time is (a) 16.7 h and (b) 10 min respectively.

3.3 Classification results by machine learn-
ing

When the simulated objects are heroin and Fe as shown in Fig. 3.1, the
reconstructed spatial scattering densities are shown in Fig. 3.2, with a
measurement time of 16.7 h and 10 min respectively. When the mea-
surement time is long enough like 16.7 h, it’s possible to get the posi-
tion and shape of heroin and Fe by muon tomography with a spatial
resolution of 1 cm as shown in Fig. 3.2 (a). However, in real applica-
tions it’s unrealistic to wait for about 17 h to scan one cargo. Thus it
requires to scan the cargo within an acceptable shorter time like less
than 10 min. In Fig. 3.2 (b) with 10 min, it’s difficult to distinguish be-
tween heroin and Fe directly since the statistical fluctuations dominate
with insufficient muon incidents. When the number of muon incidents
is far less than the number of reconstructed voxels, it’s difficult to get
stable reconstructed scattering densities. It will be discussed in the
following section. Given the drawback of PoCA algorithm, it’s neces-
sary to train a classifier to differentiate various materials automatically
with certain measuring time based on the scattering density.

The principle of muon tomography is multi Coulomb scattering
and thus the scattering density is an important parameter to reflect the
scattering properties of materials. For each of the 1000 independent
simulations with a measurement time of 10 min, the scattering den-
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sity distributions of heroin, Fe, and background are shown in Fig. 3.3,
and they are normalized by each plot region to obtain the correspond-
ing probability density distributions. Considering that the scattering
angle approximate obeys the Gaussian distribution, thus the scatter-
ing density should satisfy the Chi-square distribution. For simplicity,
we find the scattering density distribution could be fitted by a sim-
ple rational function f(x) = p

x+q
, where p and q are fitting parameters

(see Fig. 3.3). Although in Fig. 3.2 (b) heroin and iron cannot be di-
rectly identified within 10 min, their scattering density distributions
in Fig. 3.3 are different and could be used for material discrimination.
Given the robustness of fitting the density distribution by the rational
function as shown in Fig. 3.3, it implies that only two parameters p
and q, are sufficient to effectively reflect the scattering information. As
for material discrimination, one method is to use p and q as features;
and the other is to extract two parameters from the scattering density
distributions as classifying features. Here the mean and the standard
deviation of scattering density are chosen as the features for training
classifiers because it’s much easier to accumulate big data of the mean
and the standard deviation. Using p and q for training classifiers re-
quires further studies.

Figure 3.3: Scattering density distributions for heroin, Fe and back-
ground. The upper row is the result of 1000 times independent simula-
tions with 10 min measuring time. The lower row is the corresponding
probability density distribution, fitted by the simple rational function
of f(x) = p

x+q
.

The mean and the standard deviation of scattering density for 20×20×20
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cm3 background, heroin, TNT, Al, Fe, Cu and Pb are shown in Fig. 3.4,
with 1000 times independent simulations for each object and with a
measurement of 1 min, 10 min, 20 min and 30 min respectively. After
the whitening transformation, the mean vector and the standard devi-
ation vector are divided by its corresponding variance asimu and bsimu
to be decorrelated, and they become the relative mean and the relative
standard deviation. Based on the results in Fig. 3.4, the correspond-
ing SVM classifiers are shown in Fig. 3.5 and 3.6 with a measurement
time of 1 min, 10 min, 20 min and 30 min respectively. With 1 min,
it’s only possible to set 5 classes and Fe and Cu couldn’t be identified.
But for 10 min, 20 min and 30 min measuring time, it’s possible to set
6 classes at maximum and Fe and Cu are recognized as two different
materials. The mean error rate for misclassification is shown in Table
3.1 with 5 types of materials classified and in Table 3.2 with 6 types of
materials classified. Due to the limitations of the PoCA algorithm, the
central points of various materials in Fig. 3.4 are not the same. But
after the whitening transformation, the central points of various mate-
rials in Fig. 3.6 are almost the same. It may cause misclassification by
this method and will be discussed in the following section.

Based on the results in Fig. 3.5 and 3.6, and Table 3.1 and 3.2, it’s
possible to differentiate drugs and explosives from background and
various metals. The mean misclassification rate for drugs and explo-
sives is about 1% with 10 min to 30 min, and about 12.9% with 1 min.
In Fig. 3.5 and 3.6 (a), (c) and (e), 5 types of materials could be char-
acterized, including background, low-Z non-metallic materials factor-
ing in drugs and explosives, low-Z metals factoring in Al, medium-Z
metals factoring in Fe and Cu, and high-Z metals factoring in Pb. Es-
pecially for 1 min measuring time, since Fe and Cu couldn’t be differ-
entiated, they are regarded as one type of material and only 5 types
of materials at maximum are characterized. In Fig. 3.6 (b), (d) and (f),
6 types of materials could be characterized with 10 min to 30 min, in-
cluding background, low-Z non-metallic materials factoring in drugs
and explosives, low-Z metals factoring in Al, medium-Z meterials fac-
toring in Fe, medium-Z metals factoring in Cu, and high-Z metals fac-
toring in Pb.
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(a) 1 min (b) 10 min

(c) 20 min (d) 30 min

Figure 3.4: The mean and the standard deviation of scattering density
for background, heroin, TNT, Al, Fe, Cu and Pb. For each object, 1000
times independent simulations are conducted. The measuring time is
(a) 1 min, (b) 10 min, (c) 20 min and (d) 30 min respectively.
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Figure 3.5: Classification results by training SVM classifiers for 1 min
by setting 5 classes.

Table 3.1: Mean misclassification rate by means of 2-fold cross-
validation when all the materials are classified into 5 types.

Mean error rate (%) Bg Heroin & TNT Al Fe&Cu Pb

With 1 min 6.3 12.9 8.0 5.6 3.5
With 10 min 0.1 1.2 0.2 0 0
With 20 min 0.1 1.1 0.1 0.01 0
With 30 min 0.03 1.3 0.02 0 0

Table 3.2: Mean misclassification rate by means of 2-fold cross-
validation when all the materials are classified into 6 types. With 10
min to 30 min, Fe and Cu could be classified as 2 types of materials.
But with 1 min, Fe and Cu couldn’t be differentiated and are regarded
as one type of material.

Mean error rate (%) Bg Heroin & TNT Al Fe Cu Pb

With 1 min 6.3 12.9 8.0 - - 3.5
With 10 min 0 1.3 0.2 6.0 5.7 0
With 20 min 0 1.1 0.1 4.0 4.1 0
With 30 min 0 1.3 0 3.3 3.2 0

3.4 Robustness of PoCA algorithm

The PoCA algorithm is currently a more suitable reconstructed method
for fast imaging in case of deficient muon incidents than other meth-
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(a) 10 min, 5 classes (b) 10 min, 6 classes

(c) 20 min, 5 classes (d) 20 min, 6 classes

(e) 30 min, 5 classes (f) 30 min, 6 classes

Figure 3.6: Classification results by training SVM classifiers based on
Fig. 3.4.



CHAPTER 3. RAPID DISCRIMINATION OF DRUGS AND EXPLOSIVES
BY MUON TOMOGRAPHY 35

ods including the MLSD algorithm. But the reconstructed scattering
densities will not be stable until the muon incidents are much larger
than the number of voxels. Since the central point of various materials
in Fig. 3.4 are different with different measuring time, we investigate
the scattering densities reconstructed by the PoCA algorithm based
on Fig. 3.1 with increasing measuring time. The results are shown
in Fig. 3.7. Then we extract the mean and the standard deviation of
background, heroin and Fe from Fig. 3.7 as a function of increasing
measuring times as shown in Fig. 3.8 (a). The ratios of mean−heroin

mean−Fe and
σ−heroin
σ−Fe are shown in Fig. 3.8 (b) as a function of time.

From the color bar shown in Fig. 3.7, the range of reconstructed
spatial scattering densities is convergent with increasing measuring
time. With a measurement time of 180 min or longer, the shape and
position of heroin and Fe could be clearly reconstructed and the noise
level is highly suppressed. It’s also shown in Fig. 3.8 (a) that the ab-
solute values of scattering densities decreases with increasing measur-
ing time by the PoCA algorithm. It implies that the absolute scattering
densities could not be used to identify materials since they may vary
with measuring time. In Fig. 3.8 (b), the ratio values decrease from 10
min to 30 min and then become stable from 30 min to 300 min. It indi-
cates that with increasing muon incidents, the PoCA algorithm starts
to be stable from 30 min. It’s possible to train a time-invariant classifier
with the time range of 30 min to 300 min when the input features are
mean and standard deviation respectively. As for a measurement time
less than 30 min, the whitening transformation is important and nec-
essary to ensure that the same material has the same central point of
the mean and the standard deviation value regardless of various mea-
suring times. After 300 min, the mean and the standard deviation has
the same effect of distinguishing various materials and thus the clas-
sifier could be degraded to use either the mean value or the standard
deviation value as the input feature.

3.5 Discussion and summary

In this chapter, the Geant4 Monte Carlo simulation is constructed based
on TUMUTY and a SVM classifier is trained to automatically distin-
guish between background, drugs and explosives, and various metals.
For 20 × 20 × 20 cm3 various objects, with a measurement time from 1
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(a) 10 min (b) 30 min

(c) 60 min (d) 180 min

(e) 300 min (f) 2000 min

Figure 3.7: Spatial scattering densities of heroin (left) and Fe (right)
with increasing measuring times.
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(a) Mean and standard deviation. (b) Ratios

Figure 3.8: Scattering densities and ratios of scattering densities as a
function of increasing measuring time.

min to 30 min, it’s possible to differentiate drugs and explosives from
background and metals by muon tomography. The mean misclassi-
fication rate for drugs and explosives is about 1% from 10 min to 30
min, and degrades to about 12.9% with 1 min. We also examine the
robustness of the PoCA algorithm and find that the relative scattering
densities get stable after 30 min measuring time. So with a measure-
ment time shorter than 30 min, the classifier is time-dependent.

In the current simulation, we only consider that all objects are placed
side by side. We have examined that when the objects are placed ver-
tically suspended, the classifiers get degraded and the misclassifica-
tion rate increases. If the objects have complex shapes and are nested
placed, the misclassification rate will also increase, and then it may
take longer measurement time to train the classifier. If the object size
is different, the classifier can still be trained because in Eq. 1.6 the
scattering density is independent of the shape and size of the object.
However, it may require a longer measurement time to obtain a stable
reconstructed scattering density through the PoCA algorithm. If the
objects become much larger or much smaller, within the same mea-
suring time, the muon incidents penetrating the objects will also be
larger or smaller and thus the mean misclassification rate will change
correspondingly. For example, when the cube length is enlarged by√

10 times, the misclassification rate for 1 min measuring time could
be decreased to that for 10 min measuring time; and when the cube
length is enlarged by

√
20 or

√
30 times, the error rate for 10 min will

decrease a little but almost keep the same. If the average energy of
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muons is reduced to approximately 1 GeV, it will be advantageous for
classification because the differences between the scattering densities
for various materials will become larger based on Eq. 1.6.



Chapter 4

Experiments on TUMUTY

In Chapter 2 and 3, we have proposed a method by training classi-
fiers based on machine learning to discriminate various materials au-
tomatically by Monte Carlo simulation. At present, the Monte Carlo
simulations have achieved desirable results. However, in real-world
applications detection systems may often have some problems which
could not be simulated, such as detector inconsistencies, unstable or
low detection efficiency, and geometric positions. And those problems
will cause low effective muon counts and large noise. In this chapter
the major concern is to examine whether our proposed method is ap-
plicable in real-world systems with all the non-ideal situations taken
into account, and to check the robustness of the method.

In this chapter, we mainly focus on detecting medium-Z and low-Z
materials on the TUMUTY platform, which would be far more difficult
than detecting high-Z materials. To test the performance of the SVM
classifiers trained in Chapter 3, three experiments are conducted, in-
cluding detecting and imaging Al and powder cubes, a powder cube
surrounded by steel cylinders, and a powder cube concealed in a large
iron box.

The TUMUTY imaging platform for muon tomography at Tsinghua
University has been built using six layers of MRPC detectors. It con-
tained six subsystems, including the MRPC detector subsystem, the
high voltage supply subsystem, the working gas supply subsystem,
the data acquisition subsystem, the plastic scintillator trigger subsys-
tem and the mechanical support subsystem. The high voltage subsys-
tem provides suitable working voltage for the MRPC detectors and the
plastic scintillators to ensure the detection efficiency of the detectors.

39
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The working gas supply subsystem can adjust the mixing ratio of the
three working gases F134a, C4H10 and SF6, making the MRPC detec-
tors work in the avalanche state to improve the detection efficiency
of muons. The data acquisition subsystem collects and processes the
muon track information. The plastic scintillator trigger subsystem pro-
vides trigger signals for the data acquisition subsystem. And the me-
chanical support system is used to support the detectors, the scintilla-
tors, and objects to be measured.

The height of the TUMUTY system is about 3 meters in total. There
are 6 layers of MRPC detectors and each has a spatial resolution of 1
mm. Three layers of the MRPC detectors are place above the measure-
ment objects with a vertical distance of 50 cm per detector to record the
incoming muon tracks. The other 3 detectors are placed below the ob-
jects with a vertical distance of 50 cm per detector as well to record the
outgoing muon tracks. The efficient detection area for the whole sys-
tem is 73.6 × 73.6 cm2. The proportion for the mixing working gas is
30:1.5:1.5 for F134a, C4H10 and SF6. The detection efficiency of each de-
tector is about 80% at present and thus the whole detection efficiency
of all six detectors is about 26%.

4.1 Experiment design

4.1.1 Experiment 1: Al and powder cubes

The first experiment is to demonstrate whether the proposed method
for material discrimination by simulation is applicable in real-world
measurements. Two 20 × 20 × 20 cm3 cubes are selected to represent
for a low-Z non-metallic material and a low-Z metal. The one cube is
made of Al factoring in the low-Z metal and the other cube is a plastic
box filled with powder factoring in the low-Z non-metallic material as
shown in Fig. 4.1. Then they are placed side by side on the mechanical
support platform with a central distance of about 30 cm as shown in
Fig. 4.2. And the two Lead bricks in Fig. 4.2 are used to determine
the relative positions of the Al cube and the powder cube. They are
measured for 10 days in total.
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(a) (b) (c)

Figure 4.1: 20 × 20 × 20 cm3 plastic box filled with powder.

4.1.2 Experiment 2: steel cylinders and powder cube

In the second experiment, we want to verify whether the method for
material discrimination is still valid when the low-Z non-metallic ma-
terial is surrounded by the medium-Z metal. The powder cube is still
used to represent for the low-Z non-metallic material and steel cylin-
ders are representatives for the medium-Z metal. Each of the steel
cylinders is 10 cm in diameter and 20 cm in height. The positions of
the powder cube and the steel cylinders are shown in Fig. 4.3 (a) and
they are placed in the TUMUTY platform as shown in Fig. 4.3 (b). 5
days in total are measured.

4.1.3 Experiment 3: Fe box and powder cube

The purpose of the third experiment is to investigate the performances
of the material discrimination method when a low-Z non-metallic ma-
terial is completely concealed in the medium-Z metal. An iron cuboid
box is used to represent for the medium-Z metal, which has a length
of 40 cm, a height of 25 cm and a wall thickness of 2 cm as shown in
Fig. 4.4 (a). Then they are put on the TUMUTY platform as shown in
Fig. 4.4 (b) and measured for 4 days in total.

4.2 Experiment results

4.2.1 Experiment 1 results: Al and powder cubes

After 10 days’ measurement, we reconstruct the spatial scattering den-
sities by the PoCA algorithm with a reconstructed region of 70 × 70 ×
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(a) X-Z plane, seen from the Y axis.

(b) Y-Z plane, seen from the X axis.

Figure 4.2: The Al cube and the powder cube are placed side by side
on the mechanical support platform. Two Lead bricks are used to de-
termine the relative positions of Al and powder.
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(a) X-Y plane, seen from the Z axis.

(b) Y-Z plane, seen from the X axis.

Figure 4.3: The powder cube surrounded by steel cylinders. The pow-
der cube is 20 × 20 × 20 cm3 and each steel cylinder is 10 cm in diam-
eter and 20 cm in height.
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(a) X-Y plane, seen from the Z axis.

(b) Y-Z plane, seen from the X axis.

Figure 4.4: The powder cube is concealed in the iron cuboid box. The
iron box is 40 cm in length, 25 cm in height and 2 cm in wall thickness.
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70 cm3 and a reconstructed voxel size of 1 cm3. The results are shown
in Fig. 4.5. The color bar of the denoised plots in Fig. 4.5 has no real
meanings and it’s just an indicator of how many times the scattering
densities of Pb are to those of Al or heroin. From Fig. 4.5 the posi-
tions of Pb, Al and powder could be clearly obtained in 10 days with a
spatial resolution of 1 cm.

Given that the classification results by the Monte Carlo simulation
in Chapter 3 are related to the measuring time when the measuring
time is less than 30 min, that is, related to the number of muons im-
pinging to the efficient detection area, it requires to match the real-
world experiments to the simulation conditions in order to test the
performance of the material discrimination method. In the simula-
tion, when 50 thousand of muons are emitted, which corresponds to
a measurement time of 10 min, the actual detected number of muons
is about 16 thousand. Thus the acceptance angle proportion is about
16
50

= 32%. To match the condition of 10 min measuring time in simu-
lation, we separate the total measurement data for 10 days to 27 sets,
each set of which contains 16 thousand muon incidents. Similarly, 270
sets could be separated with each set containing 1.6 thousand muon
incidents to match the condition of 1 min measuring time in the Monte
Carlo simulation.

Then for each set with a measurement of 1 min or 10 min from
the simulation’s point of view, the spatial scattering densities are re-
constructed by the PoCA algorithm. Since in the real-world security
inspections at customs or ports, a priori knowledge of measurement
objects may be obtained from the submitted declaration form. And we
assume the positions of the materials could be obtained by some other
methods, including a longer measurement time by muon tomography.
Similarly to the simulation, we discard the scattering densities larger
than 500 mrad2cm−1 or smaller than 0.1 mrad2cm−1, and then extract
the mean and the standard deviation of scattering density for Al and
powder in their corresponding positions. And we purposely choose
the following normalization factor a∗exp1 and b∗exp1 as shown in Eq. 4.1
such that the central position of Al from experiment coincides with
that from simulation. The values of a∗exp1 and b∗exp1 are shown in Table
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(a) Spatial scattering density

(b) X-Y plane, sum all Z layers
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Figure 4.5: Reconstructed spatial scattering densities by the PoCA al-
gorithm for experiment 1.
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4.1 with 1 min and 10 min respectively.

a∗exp1 = asimu ∗
mean(Al’s mean scattering dentisy from experiment)
mean(Al’s mean scattering dentisy from simulation)

b∗exp1 = bsimu ∗
mean(Al’s σ scattering dentisy from experiment)
mean(Al’s σ scattering dentisy from simulation)

(4.1)

Table 4.1: Normalization factor in the whitening transformation.

Value asimu a∗exp1 a∗exp2 a∗exp3

With 1 min 18.45 21.03 16.50 13.87
With 10 min 11.91 9.67 6.51 5.25

Value bsimu b∗exp1 b∗exp2 b∗exp3

With 1 min 31.29 24.84 23.00 21.04
With 10 min 25.61 12.48 10.73 9.14

On the basis that the central point of Al’s experiment data is man-
ually coincides with the simulation data, if the central point of pow-
der’s experiment data could also coincide with its simulation data, it
demonstrates that the classifier is valid for the experiment data. In the
whitening transformation for the Al’s and powder’s experiment data,
a∗exp1 and b∗exp1 are used to normalize the mean and the standard devi-
ation of scattering density for both materials. Then we test the exper-
iment data with the SVM classifiers in Fig. 3.5 and 3.6 (a), with 1 min
and 10 min measuring time separately, which are trained in Chapter 3
with the simulation data. The classification results for the experiment
data are shown in Fig. 4.6 and the misclassification rates for Al and
power are shown in Table 4.2 with 1 min and 10 min measuring time
respectively.

In Fig. 4.6, the central point of powder’s experiment data almost
coincides with its simulation data, demonstrating that the proposed
material discrimination method is applicable in real-world experiments
and the trained SVM classifiers are valid as well. The misclassification
rate for the experiment data is larger than the simulated value in Table
4.2. This is because only the acceptance angle proportion is considered
in the simulation, but in realities there are many other non-ideal con-
ditions such as noises, detector inconsistencies and decoding errors of
electronics.
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(a) 1 min (b) 10 min

Figure 4.6: Classification results for Al’s and power’s experiment data
with 1 min and 10 min respectively. The classifiers are trained in Chap-
ter 3 with the simulation data.

Table 4.2: Misclassification rate for Al’s and powder’s experiment data
based on the SVM classifiers trained by the simulation data in Chapter
3.
Mean error rate (%) Powder-simu Powder-exp Al-simu Al-exp

With 1 min 12.9 22.6 8.0 50
With 10 min 1.2 3.7 0.2 0

4.2.2 Experiment 2 results: steel columns and pow-
der cube

For the second experiment, it’s measured for 5 days in total. Simi-
larly, the spatial scattering densities are reconstructed by the PoCA
algorithm with a reconstructed region of 70 × 70 × 70 cm3 and a re-
constructed voxel size of 1 cm3. The results are shown in Fig. 4.7 and
the color bar of the denoised plots in Fig. 4.7 has no real meanings
as well. From Fig. 4.7, even the powder cube is fully surrounded by
the steel cylinders, the positions and shapes of the powder cube and
the steel cylinders could be clearly obtained in 5 days with a spatial
resolution of 1 cm.

Similar to the first experiment of measuring the Al and powder
cubes, to match the condition of 1 min and 10 min measuring time
in the Monte Carlo simulation, the total measurement data for 5 days
could be separated to 220 sets and 22 set respectively. And then for
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Figure 4.7: Reconstructed spatial scattering densities by the PoCA al-
gorithm for experiment 2.
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each set the spatial scattering densities are reconstructed by the PoCA
algorithm. We discard the scattering densities larger than 500 mrad2cm−1

or smaller than 0.1 mrad2cm−1, and then extract the mean and the
standard deviation of scattering density for steel and powder in the
positions shown in Fig. 4.8.

Figure 4.8: The selected positions of steel and powder in the X-Y
plane.Each square box has a length of 20 cm.

The following normalization factor a∗exp2 and b∗exp2 are manually
chosen as shown in Eq. 4.2 so that the central position of steel’s ex-
periment data coincides with Fe and Cu’s simulation data in Chapter
3. The values of a∗exp2 and b∗exp2 are shown in Table 4.1 with 1 min and
10 min respectively.

a∗exp2 = asimu ∗
mean(steel’s mean scattering dentisy from experiment)

mean(Fe and Cu’s mean scattering dentisy from simulation)

b∗exp2 = bsimu ∗
mean(steel’s σ scattering dentisy from experiment)

mean(Fe and Cu’s σ scattering dentisy from simulation)

(4.2)

Similar to experiment 1, after the whitening transformation, we test
the experiment data with the SVM classifiers in Fig. 3.5 and 3.6 (a),
and obtain the classification results for the experiment data as shown
in Fig. 4.9 and get the misclassification rates for steel and power as
shown in Table 4.3 with 1 min and 10 min measuring time respectively.

In Fig. 4.9, the central point of powder’s experiment data almost
coincides with its simulation data as well. It further demonstrates that
the proposed material discrimination method and the trained SVM
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(a) 1 min (b) 10 min

Figure 4.9: Classification results for steel’s and power’s experiment
data with 1 min and 10 min respectively. The classifiers are trained in
Chapter 3 with the simulation data.

classifier with the simulation data are still valid even when the low-
Z non-metallic material is tightly surrounded by medium-Z metals.
The misclassification rate for the experiment data is almost close to the
simulated value in Table 4.2, especially for 10 min measuring time. The
results are very promising. Based on the classification results for 1 min
measuring time, 220 sets of data for 5 days corresponds to 1 set of data
per half an hour, that is, in real-world measurement considering all
the non-ideal conditions, with 30 min it’s possible to discern the low-Z
non-metallic material surrounded by medium-Z metals with an error
rate of about 10%. And the measurement time could still be reduced
and the classifications performance could still be improved if the de-
tection system has a much larger acceptance angle, higher detection
efficiency and larger objects to be measured.

Table 4.3: Misclassification rate for steel’s and powder’s experiment
data based on the SVM classifiers trained by the simulation data in
Chapter 3.

Mean error rate (%) Powder-simu Powder-exp Fe&Cu-simu steel-exp

With 1 min 12.9 10.9 5.6 18.6
With 10 min 1.2 0 0 0
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4.2.3 Experiment 3 results: Fe box and powder cube

Similar to the first two experiments, after measuring for 4 days for the
third experiment, the spatial scattering densities are reconstructed by
the PoCA algorithm with a reconstructed region of 70 × 70 × 70 cm3

and a reconstructed voxel size of 1 cm3. The results are shown in Fig.
4.10 and the color bar of the denoised plots in Fig. 4.10 also has no real
meanings. When the powder cube is totally concealed in the Fe box,
the positions and shapes of the powder cube and the Fe box could still
be clearly obtained in Fig. 4.10 in 4 days with a spatial resolution of 1
cm.

In order to match the condition of 1 min and 10 min measuring
time in the Monte Carlo simulation as the first two experiments, the
total measurement data of 4 days for experiment 3 could be separated
to 50 sets and 5 sets respectively. And then for each set the spatial
scattering densities are also reconstructed by the PoCA algorithm. We
discard the scattering densities larger than 500 mrad2cm−1 or smaller
than 0.1 mrad2cm−1 as well, and then extract the mean and the stan-
dard deviation of scattering density for the Fe box and the powder
cube in the positions shown in Fig. 4.11. The box-shape blue squares
are marked with Fe’s scattering densities and inside of the Fe box the
pink square locates the powder’s scattering densities in Fig. 4.11.

The following normalization factor a∗exp3 and b∗exp3 are manually
chosen as shown in Eq. 4.3 so that the central point of Fe’s experiment
data coincides with that of Fe and Cu’s simulation data in Chapter 3.
The values of a∗exp3 and b∗exp3 are shown in Table 4.1 with 1 min and 10
min respectively.

a∗exp3 = asimu ∗
mean(Fe’s mean scattering dentisy from experiment)

mean(Fe and Cu’s mean scattering dentisy from simulation)

b∗exp3 = bsimu ∗
mean(Fe’s σ scattering dentisy from experiment)

mean(Fe and Cu’s σ scattering dentisy from simulation)

(4.3)

Similarly, after the whitening transformation, we test the experi-
ment data with the SVM classifiers in Fig. 3.5 and 3.6 (a), and obtain
the classification results for the experiment data as shown in Fig. 4.12
and get the misclassification rates for the Fe box and the power cube
in Table 4.4 with 1 min and 10 min measuring time respectively.

In Fig. 4.12, the central point of powder’s experiment data doesn’t
coincide with its simulation data. And the misclassification rate for
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(b) X-Y plane, sum all Z layers

10 20 30 40 50

x/cm

10

20

30

40

50

y
/c

m

10

20

30

40

(c) Denoised (b)

(d) X-Z plane, sum all Y layers

10 20 30 40 50

x/cm

10

20

30

40

z
/c

m

10

20

30

40

50

(e) Denoised (d)

Figure 4.10: Reconstructed spatial scattering densities by the PoCA
algorithm for experiment 3.
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Figure 4.11: The selected positions of Fe and powder in the X-Y plane.
The box-shape blue squares are marked with Fe’s scattering densities
and inside of the Fe box the pink square locates the powder’s scatter-
ing densities.

powder in experiment 3 is 100% as shown in Table 4.4. This is a result
of the scattering density hardening effect. Since almost all the detected
muon tracks have vertical or near-vertical incident angles, it leads to
worse reconstructed performance along the Z axis. Thus the Fe box’s
scattering densities will spread vertically to the powder cube’s scatter-
ing densities, making the powder cube’s scattering densities larger or
hardening. Therefore the powder is recognized as Al in the classifica-
tion results in Fig. 4.12.

But the results still could benefit cargo inspections in real-world
applications. If we find a void cavity in a cargo of medium-Z metals
like steel or copper, the cargo will be identified as suspicious and there
is a higher chance for smuggling drugs.

Table 4.4: Misclassification rate for Fe’s and powder’s experiment data
based on the SVM classifiers trained by the simulation data in Chapter
3.
Mean error rate (%) Powder-simu Powder-exp Fe&Cu-simu Fe-exp

With 1 min 12.9 100 5.6 2
With 10 min 1.2 100 0 0
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(a) 1 min (b) 10 min

Figure 4.12: Classification results for Fe’s and power’s experiment data
with 1 min and 10 min respectively. The classifiers are trained in Chap-
ter 3 with the simulation data.

4.3 Discussion and summary

In this chapter, three experiments are conducted based on the TU-
MUTY platform at Tsinghua University to verify whether our pro-
posed method for material discrimination is valid and whether the
trained SVM classifiers by simulation are applicable to the experiment
data. By measuring an Al cube and a powder cube in the first ex-
periment, it demonstrates that the proposed material discrimination
method is applicable in real-world experiments and the trained SVM
classifiers are valid as well. But the misclassification rate for the first
experiment’s data is larger than the simulated value. In the second ex-
periment, we examine the validness of the method and the classifiers
by measuring a powder cube fully surrounded with steel cylinders.
And the results show good robustness. For the third experiment, a
powder cube concealed in an iron box is measured. In this case, the
shape and position of Fe and powder could be obtained but the pow-
der couldn’t be correctly recognized by the classifier as a result of the
scattering density hardening effect. Though it is, the results are yet
promising since it benefits the cargo inspections by further marking
the cargo as suspicious.

In summary, the proposed method for material discrimination and
the trained SVM classifiers are valid in real-world applications.



Chapter 5

Conclusion and Outlook

5.1 Conclusion

Cosmic ray muon tomography is a promising non-destructive imaging
technique. At present, muon tomography is mainly applied to detect
high-Z nuclear materials within a measuring time in a scale of hours or
days. Many efforts are put to improve the spatial resolution by propos-
ing more advanced image reconstruction algorithms regardless of the
cost for longer measuring time. However, it remains a question that
what kind of material it is even when the reconstructed image has been
obtained. Currently two major concerns about muon tomography are,
first, to what extent high-Z materials could be discriminated from each
other by muon tomography, like identifying Uranium, Tungsten and
Lead; and second, whether muon tomography could be applied in fast
imaging to detect low-Z materials concealed in large dense metals, like
detecting explosives or drugs hidden in steel in cargo inspections at
ports or customs. Thus the major work of this study is to investigate
the ability for material discrimination by muon tomography.

This paper investigates the two questions and proposes a method
to automatically discriminate various materials by means of machine
learning. It will shed light on the previously under-explored difficulty
of applying muon tomography to not only imaging special nuclear
materials with more complicated geometric structures, but also to in-
dustry security inspections which require to scan the cargo within ac-
ceptable measuring time. A Geant4 Monte Carlo simulation is built
based on TUMUTY and a SVM classifier based on machine learning is
trained to differentiate various materials, from high-Z nuclear materi-
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als, to medium-Z metals and low-Z non-metallic materials.
For the high-Z nuclear materials, it is possible to identify Pb, W and

U from each other by muon tomography, and also possible to theoret-
ically reach a spatial resolution of 1 cm. Although muon tomography
is good at detecting high-Z materials, the ability for identifying Pb, W
and U from each other by muon tomography remains to be further
improved. Among all the classifiers, the SVM classifier has the best
performance for material discrimination and the mean error rate to
discriminate Pb, W and U is about 30%.

For the low-Z non-metallic materials and medium-Z metals, in the
Monte Carlo simulation, for 20 × 20 × 20 cm3 various objects, with a
measurement time from 1 min to 30 min, it’s possible to differentiate
drugs and explosives from background and metals by muon tomogra-
phy. The mean misclassification rate for drugs and explosives is about
1% from 10 min to 30 min, and degrades to about 12.9% with 1 min.
We also examine the robustness of the PoCA algorithm and find that
the relative scattering densities get stable after 30 min measuring time.
Thus with a measurement time shorter than 30 min, the classifier is
time-dependent.

Then we conduct three experiments based on the TUMUTY plat-
form at Tsinghua University to verify whether our proposed method
for material discrimination is valid and whether the trained SVM clas-
sifiers by simulation are applicable to the experiment data. By measur-
ing an Al cube and a powder cube in the first experiment, it demon-
strates that the proposed material discrimination method is applicable
in real-world experiments and the trained SVM classifiers are valid
as well. But the misclassification rate for the first experiment’s data
is larger than the simulated value. In the second experiment, we ex-
amine the validness of the method and the classifiers by measuring a
powder cube fully surrounded with steel cylinders. And the results
show good robustness. For the third experiment, a powder cube con-
cealed in an iron box is measured. In this case, the shape and position
of Fe and powder could be obtained but the powder couldn’t be cor-
rectly recognized by the classifier as a result of the scattering density
hardening effect. Though it is, the results are yet promising since it
benefits the cargo inspections by further marking the cargo as suspi-
cious. In summary, the proposed method for material discrimination
and the trained SVM classifiers are valid in real-world applications.
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5.2 Outlook

In this work we propose a method for material discrimination and
train a SVM classifier based on machine learning. By this means, the
scattering densities require to be reconstructed by the PoCA algorithm
first so that the mean and the standard deviation of scattering density
could be extracted as input features for training classifiers. In the fu-
ture, the material discrimination method could be further improved
with the help of deep learning. That is, we don’t need any image
reconstruction algorithms and the atomic number Z could be recon-
structed by the measurement data directly. And the measurement data
contains the track positions recorded by the detectors and the scatter-
ing angles obtained by the incoming and the outgoing tracks. With the
rapid development of deep learning, the reconstructed method from
measurement data to the material’s atomic number Z will be realized
in the near future.
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