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Introduction
In the understanding of the Universe the investigation about Dark Matter (DM) is
nowadays one of the most active fields of physics from both the theoretical and experimental point of view. The 95% of the mass-energy content of the Universe is generally
addressed to as “dark”, composed of Dark Energy for the most and Dark Matter accounting for the remaining. Dark matter is about 85% of the total matter, its nature
is unknown and it is one of the most important missing pieces in our understanding of
the Universe.
Amongst the DM candidates the most commonly mentioned are referred to as the
Weakly Interacting Massive Particles (WIMPs). This is a collective name describing
a particle which is massive (expected mass in a wide range from several tens of GeV
to several TeV) and that interacts only via the weak and gravitational force. Ongoing
and future experiments are exploring several technologies and detection methods to
expand observation possibilities.
There are worldwide efforts aiming at detecting these particles in experiments
searching for their existence in the Universe as well as trying to produce them in collisions of high energy particles at accelerators. In this framework, the direct detection of
Dark Matter aims at searching for WIMP-induced nuclear recoils. To this, a powerful
contribution comes from directional detection experiments aiming at reconstructing
the energy and/or the track direction of a WIMP-induced nuclear recoil. As WIMPs
should come from the direction of Cygnus constellation, the recoil rate will show a peak
in the opposite direction. Therefore, the observation of an angular asymmetry along
the Cygnus constellation direction would represent a distinct and unambiguous proof
of the existence of Dark Matter and of its galactic origin.
My thesis work fits into this research field within the NEWSdm (Nuclear Emulsion
for Wimp Search with directional measurement) experiment. The development of a
new generation of nuclear emulsion, the Nano Imaging Tracker (NIT), made of grains
with diameter size of ∼ 45 nm, will allow the detection of WIMP-induced nuclear recoil
tracks.
The search for a directional signal starts from measuring of the tracks with a dimension of few hundred nanometers by analyzing the emulsion films under the optical
microscope. Since the optical resolution is limited by the wavelength of visible light, a
iii
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super-resolution system is developed exploiting the resonance effect of polarized light.
Actually, metal grains show a different response when illuminated by light with
different polarization angles. This technique, together with the use of a color camera
during the acquisition, is used for the color analysis which allow the so-called headtail discrimination of the tracks. Color analysis is carried out with Machine Learning
using a Convolutional Neural Network (CNN) to analyze RGB images acquired by the
microscope.
Details on the structure of the present thesis are reported here:
• Chapter 1 reports a brief overview on the Dark Matter in the Universe presenting experimental evidences, most accredited theories and models about its nature
like WIMPs and a summary about different experiments and approaches in the
detection of Dark Matter focusing the attention on the direct and directional
searches.
• Chapter 2 includes the description of the NEWSdm experiment and of the new
NIT technology based on nuclear emulsions, the scanning setup with the readout
strategy and together with the description of the main background sources in
this experimental search.
• Chapter 3 shows results of the study of directionality carried out on a sample
of NIT emulsion 70nm, under the resonant effect of polarized light, exposed to
carbon ions beams with different energy.
• Chapter 4 contains a brief introduction to the world of big data and artificial
intelligence with a focus on Machine Learning and Deep Learning techniques and
an insight on Convolutional Neural Networks.
• Chapter 5 is about color analysis conducted with a Machine Learning approach
on the RGB images taken by the color camera that show a color gradient due to
the polarized light resonance effect to be used for the head-tail discrimination.

Chapter 1
Dark Matter
The identity of Dark Matter is one of the key outstanding issue in both particle physics
and astrophysics. There is a compelling evidence that only 4% of the matter of the
Universe is ordinary baryonic matter with a very little amount of antimatter. More
than 73% of the Universe is in form of Dark Energy and about 86% of the total mass
is the non baryonic, non relativistic mass component of unknown nature we refer to as
Dark Matter (DM) [1, 2].
The presence of large cosmological Dark Matter structures in the Universe are
proved by various astrophysical observations so does the evidence that Dark Matter
forms a non-luminous halo surrounding galaxies. It is expected that Dark Matter is
composed of a new type of elementary particle. Revealing what forms the Dark Matter
component and its nature is nowadays a challenging goal in the understanding of our
Universe.

1.1

In need for Dark Matter - Evidence in the Universe

Several observations led to the idea of Dark Matter since independent cosmological and
astrophysical phenomena, that are not explained within other theoretical frameworks,
occur and can be solved by the existence of Dark Matter alone.

1.1.1

Motion and rotation of galaxies

By the end of 19th century astronomers started to take into consideration the distribution of luminous objects in the sky. Since a uniform distribution was expected, great
interest in dark structures and areas began to be developed by astronomers when the
existence of dark regions, even in dense stellar fields, was found [3].
A systematic study was carried out for the first time by Lord Kelvin, who estimated
the amount of matter in the Milky Way describing the galaxy as a gas of particles
1
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subject to gravity and getting to the conclusion that many of the stars may be "dark
bodies" [4]. Quantitative studies that followed about the dynamics of the stellar system
consolidated the concept of “Dark Matter” among the astronomy community.
In 1933, Fritz Zwicky, a Swiss-American astronomer, was conducting important
studies of redshift of extragalactic nebulae, focusing his attention on the nearest very
large cluster of galaxies to us in space: the Coma Cluster (figure 1.1).

Figure 1.1: The Coma Cluster in long-wavelength infrared (red), short-wavelength infrared(green), and visible light. It is widely considered the first observational proof of
Dark Matter existence as it provides a major evidence of gravitational anomalies which
can be explained with the presence of invisible mass. Image from [5]
He used the virial theorem (eq. (1.1.1)), which relates the average kinetic energy of
a system (cluster in this case) to its total potential energy, to calculate the gravitational
mass of the cluster. The equation is the following:
2

v R
M≈
G

(1.1.1)

where M is the total mass of the system, R the distance of stars from the center
of the cluster, G is the gravitational constant and v the velocity dispersion. He later
compared that to the mass inferred from the bright, luminous matter (stars and gas) in
the galaxies. The mass from the luminous matter turned out to be not enough to keep
the cluster bound, and several times smaller than the one inferred from gravitational
mass [6]. In particular, he noticed a large dispersion in the apparent velocity with
differences up to 2000km/s among eight clusters, confirming studies and observations
conducted two years earlier by Hubble and Humason [7].
Zwicky thus coined the term “Dark Matter” for the material that must therefore
be present, holding the galaxy cluster tightly together.
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This theory received due attention late in the 1970s when further studies on galaxies
were conducted unveiling more proofs in favor of the existence of Dark Matter. In
particular, Jim Peebles, Nobel Prize winner from Priceton University, discovered that
most spiral galaxies possess a particularly large, gigantic invisible halo, made of Dark
Matter, capable of merging with neighboring galaxies as otherwise the flat galactic
disk would be unstable[8]. In the same years, David Schramm from the University of
Chicago proved that the ratio of luminous mass to gravitational mass in our galaxy is
1 to 10, studying the interactions between the Milky Way with the Andromeda galaxy
[9].
Further clues of the presence of non-visible mass are present on a galactic scale.
Luminous objects, as gas clouds, stars, globular clusters, move faster than what would
be predicted by the Newtonian gravitational law from all the other visible objects
nearby. In 1970s, thanks to improved spectroscopic techniques has been made possible
to extend observations to the edge of galaxies and therefore to measure rotational
curves of several spiral galaxies comparing curves predicted from photometry with the
ones obtained from radio observations. The distribution of radial velocities of galactic
components, as a function of distance from the galaxy center, is not in agreement with
expectations based on distribution of visible mass in the galaxies. It indicates that
some additional, invisible mass is present in there and it is distributed uniformly.
Kenneth Freeman in 1970 [10] and separately Vera Rubin and Kent Ford [11] conducted first studies, on M33 galaxy and Andromeda galaxy respectively, that showed
evidence of a mass discrepancy derived from their rotation curves (fig. 1.2). The motion of objects in a spiral galaxy can be described as a Keplerian orbit considering that
rotational velocity v only depends on the distance r from the galactic center and the
mass M (r) inside the orbit, scaling like
v(r) ∝

√
M (r)/r

(1.1.2)

Is is expected for the visible mass distribution outside the optical disk of the galaxy to
−1/2
stay constant while the velocity should drop with radius as v(r) ∝ r
.
In most galaxies we observe, instead, an approximately constant rotational velocity
in the outermost regions. To account for that, there is a need for introducing a dark
2
halo of invisible matter with a density profile ρ ∝ 1/r , which extends much beyond
the distribution of luminous matter in the galaxy.
One popular example of density distribution for DM halos is the Navarro-FranckWhite (NFW) profile [13]:
ρ(r) =

ρs
(r/rs )(1 + r/rs )2

(1.1.3)

where rs and ρs are the characteristic halo radius and density. These differences in

4
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Figure 1.2: Rotation curves of several spiral galaxies. The observed rotation curve
of each galaxy differs from the expected rotation curve based on Kepler’s law. The
discrepancy between the two curves suggests the DM dominance over luminous matter
in the region inside the optical radius. Image from [12]

1.1. In need for Dark Matter - Evidence in the Universe

(a) Rotational velocity curves for different spiral galaxies including the Milky Way

5

(b) Milky Way rotational curve

Figure 1.3: Dark Matter in the Milky Way. Image on the right from [14]
rotational velocities have been confirmed by other late observations (fig. 1.2) and led
to the formulation of a new model structure for spiral galaxies consisting of a central
hub and a disk, surrounded by a large non-luminous halo of Dark Matter.
Studying our Galaxy in the early 21th century, scientists Zhao, Klypin and Sommerville calculate the density of Dark Matter in our galaxy. Measuring the total mass
of luminous objects and the expected mass by the virial theorem, using experimental
results about rotational velocity, they calculated the value of the density of Dark Matter [14]. The different values for the luminous mass Mlum and for the mass calculated
from the Virial theorem Mvirial , expressed in terms of Solar masses M⊙ , are reported,
along with the density of Dark Matter ρdark , here:
10

Mlum = 9x10 M⊙

12

Mvirial = 1..2x10 M⊙
−3

ρdark ≃ 0.3 − 0.6GeV cm

1.1.2

(1.1.4)
(1.1.5)

Gravitational lensing

One of the most direct method to trace DM distribution in galaxies and in larger
scales is to study gravitational influence of Dark Matter on visible matter through
gravitational lensing. According to General Relativity, any mass in space can cause
with its presence the curvature of the space nearby. Thanks to this effect, light from
background objects can be ‘lensed’ by massive foreground objects, as the light rays
passing through the foreground objects’ gravitational field are bent towards a distant
observer. As a result, this causes a background object to appear brighter than it
otherwise would. This phenomenon provides a clean and unambiguous mean to probe

6
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(a)

(b)

Figure 1.4: The Bullet Cluster as seen by the Hubble and Magellan optical telescopes
shows the remnant of a collision between a small cluster passing through a larger galaxy
cluster. The X-ray observations tracing the gas component are shown in pink while the
blue region represents the lensing mass map reconstructed from measurements 1.14a.
Whilst the gas has collided on the other cloud,the bulk of the mass has simply passed
through the collision unimpeded 1.14b. This is considered one of the most compelling
evidences of DM existence and proves that the majority of the matter in each cluster
is collisionless Dark Matter

the mass distribution in a foreground object.
One of the first experimental verification of this effect occurred in 1919 when during
a solar eclipse the apparent motion on stars in the Hyades Cluster passing behind the
sun was observed [15]. The gravitational deflection of a photon passing at a minimum
approach distance b from a mass M is equal to
α=

4GM
c2 b

(1.1.6)

where G and c are, respectively, the universal gravitational constant and the speed
of light. Depending of the strength and distance of the lens, different shapes are
generated for gravitational lensing: multiple, distorted images or rings. In case of a
dense concentration of mass in front of a distant source, the light can travel along
multiple paths and the object can eventually appear as an “Einstein ring”. This is
called strong lensing and can be used to reconstruct the distribution of mass in the
lens. The Bullet Cluster represents the most famous example of Dark Matter lens. This
object due its name to the characteristic ‘punch-through’ shape of one of the clusters
after the collision (fig. 1.4) that has heated the baryonic mass of both clusters to very
high temperatures. Thus, observations with Chandra Telescope in X-ray region of the
spectrum reveals a clear image of the matter distribution (pink in the image). The
majority of ordinary matter and the intergalactic gas appear decelerated and almost
frozen in the middle of their trajectories after the collision. As both clusters have

1.1. In need for Dark Matter - Evidence in the Universe
significant mass to act like gravitational lenses, it is possible to reconstruct the total
mass of the Bullet Cluster. In this way, the lensing map (blue in the image) can exhibit
large amounts of Dark Matter not evident in the X-ray map. Crucial insights can be
provided by the mass distribution of the clusters: while the Dark Matter halo has
passed undisturbed straight to both gas clouds, on the other hand, ordinary matter
have interacted. These evidences led to the conclusion that Dark Matter can be consider
effectively collisionless.

1.1.3

The ΛCDM Model and the CMB

The existence of Dark Matter is required not only to explained galaxies’ structure
and rotational anomalies but also the formation of large structures in the Universe
and its evolution. Studying anisotropies in the distribution of matter at the stage of
early Universe can help to derive the total mass-energy contained in the Universe and
contribution to this mass of various matter components.
The most accredited cosmology theory is the Big Bang Model stating that the
Universe evolved from a state of infinitely dense and hot matter. Consequently large
scale structures in the Universe are isotropic and homogeneous at very large scales but
present anomalies determined by gravitational interactions.
Standard cosmological model assumes that small perturbations caused by gravitational agglomeration can lead to deviations from homogeneity. These density perturbations can be described as fluctuation in the CMB, the cosmic microwave background.
The excess antenna temperature signal has been observed in 1965 by scientists Penzias
and Wilson at Bell Labs, and later interpreted as the left-over radiation from the Big
Bang, led to the unexpected and accidental discovery of the CMB radiation [16]. Its
spectrum is a perfect black body with a temperature of T0 = 2.7255 ± 0.0006K [17].
When the temperature of the Universe dropped to ∼ 3000K, the recombination between electrons and protons made our Universe transparent to the radiation under the
form of relic photons. Studying with accurate precision the CMB anisotropies made
possible to test and give stringent constraints on the parameters of the cosmological
models.
Information gained from the CMB data of the WMAP experiment can be used to
elaborate a power spectrum through the expansions of anisotropies into spherical harmonics. This allows to determine many cosmological parameters such as the density
of baryons Ωb , the density of Dark Matter Ωχ and Dark Energy ΩΛ and the density of
total mass-energy Ωtot . Each values is expressed in units of critical density ρcrit , which
is referred to a Universe spatially flat. The Dark Matter contribution is Ωχ = 22.8 ± 3%
of ρcrit , five times more abundant than baryonic matter [19]. Joined with other astrophysical observations, this measurement led to the concordance model known as
Lambda Cold Dark Matter (ΛCDM). Its predictions are in agreement with measure-

7
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Figure 1.5: The map of the anisotropies in the CMB temperature spectrum observed
by WMAP satellite. Change of temperature is represented by different colors and it is
respect to 2.7 K. Red colors indicate warmer regions compared to colder areas in blue.
Image from [18]
ments of the power spectrum (fig 1.5) and determine properties of the Universe. In this
frame Dark Matter should be composed of particles with non relativistic velocity at the
time of galaxy formation because it has been proved that massive, stable and weakly
interacting particles can give the expected contribution to the density of Dark Matter
and for the correct structures to be produced. If Dark Matter existed during structure
formation it should have influenced the pattern of large scale structure we observe today. Being cold, actually, allows Dark Matter to gather gravitationally on small scales
and so seed galaxy formation, while on the other hand being non dissipative prevent it
from cooling and collapsing with the luminous matter. The mean density of baryons
in the Universe is an index of the amount of baryonic density perturbations which
can collapse to form galaxies and clusters. When considering an additional matter
component which interacts only gravitationally but do not couple radiatively to the
baryons, the power spectrum of perturbations that survive and form large structures
is modified. This resulting evidence shows that power spectrum is more dependent on
the total amount of matter in the Universe rather than only on the component held in
baryons.

1.1.4

Nucleosyntesis models

According to the Big Bang cosmology model, when the temperatures cooled to temperatures of the order of MeV, protons and neutrons once fused together in the primordial
nucleus started to create lighter elements.
The abundance of these elements depend only on the nuclear reaction rates that can
be derived as a function of the theoretically-calculated baryon to photon ratio (η) [20]
[21]. This parameter η is completely equivalent to the baryon density of the Universe
2
−1
−1
Ωb h multiplied for the dimensionless Hubble parameter h = H0 /1000kms M pc .
Big Bang Nucleosyntesis (BBN) therefore allows to measure the primordial value of Ωb

1.2. Models for Dark Matter - Candidates
thanks to observations of the true primordial value from direct observations.
Abundances of D and He isotopes is consistently close to the value of the baryon
density Ωb ≈ 0.04 while Li isotopes observations shows some divergence from the BBN
7
6
prediction. Li is seen to be under abundant while Li is not expected to be seen at all.
Even though, being both intrinsically unstable, determinations are extremely difficult
because subject to stellar and interstellar process, there is speculation that they might
be explained by non-standard BBN caused by particle physics beyond the standard
model, including some specific Dark Matter models [22].
Since all luminous matter essentially consists of baryons, independent measurements
from BBN and large scale structure together imply that the remnant must be Dark
Matter Ωlef t ≈ 0.25. The characteristic of being non baryonic means that Dark Matter
is not capable of interacting with photons electromagnetically (evidence that makes it
appear dark).
The incapability of absorb and emit photons is also consistent with being dissipationless, prevent it from collapse with baryons to form stellar and galactic disks. It
is worth mentioning that there is still some amount of baryonic Dark Matter still not
directly observed that remains unaccounted for today and corresponds to Ωb = 0.04.

1.2

Models for Dark Matter - Candidates

The inquiry about the physical nature of hypothetical Dark Matter particles faces a vast
horizon of possibilities. With very different production mechanisms and within a huge
range of masses and characteristics, different physics models can fulfil the requirements
to explain Dark Matter.
Ideal candidates must be: stable on cosmological time scale to be still observable
nowadays and to explain the galaxies’ dynamics; neutral and collisionless because
they do not interact electromagnetically neither with themselves but only through
gravitation; massive and cold to account for the total amount of matter and for the
large scale structures formation.
The presence of Dark Matter plays a crucial role as it is also required for the
evolution of the Universe since the beginning. When the Dark Matter decouples from
the cosmological fluid, during the inflation era, the value of its velocity determines two
scenarios for the structure formation process: for relativistic particles the Hot Dark
Matter (HDM), non relativistic particles for Cold Dark Matter (CDM).
The most accepted hypothesis of Dark Matter is non baryonic Cold Dark Matter
that interacts weakly with radiation field and anticipates the decoupling and cooling
(fig. 1.6). In this frame perturbations grow before the decoupling and large structures are formed hierarchically from aggregation and clustering of small objects which
collapse in the so called bottom-up mode.
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Figure 1.6: Baryonic perturbations started to grow right after decoupling while Dark
Matter perturbations did so in an earlier time because of their lower interaction rate. As
a consequence, the growth of baryonic perturbations followed preexisting inhomogeneity
in the Dark Matter distribution.
This evidence is supported by the ΛDM model and has been studied with Millennium numerical simulation using more than 10 billion particles to trace the evolution
of matter. Only adding a static and uniform distribution of matter to the total visible mass of galaxies they obtained recognizable structures. Comparing simulated data
with large observational surveys, it is possible to clarify physical processes underlying
the buildup of real galaxies. CMB observations including CDM have been used to fit
parameters in cosmological models and derive values of age, mass and composition of
the Universe with high accuracy. This is the so-called Concordance Model.
A number of suitable candidates for Dark Matter arise naturally from theories
beyond the Standard Model for non baryonic components of Dark Matter even if a
fraction should be baryonic as has been proved that such density is present.

Baryonic matter A theory rather popular for non luminous but ordinary matter
is a class of objects called Massive Astrophysical Compact Halo Object (MACHOs)
which populated the outer halos of galaxies and are transparent to the background
radiation appearing dark because of their compact nature. These include brown dwarf
stars, cold clouds of molecular hydrogen and black holes of ≈ 100 solar masses. This
hypothesis has been tested with microlensing measurements in the Large Magellanic
Cloud with MACHO, EROS and OGLE collaborations, leading to the conclusion that
MACHOs could contribute to DM but for less than 10 − 20% of the total DM amount
in galactic halos [23]. Furthermore, X-rays emissions of galaxies clusters show huge
amount of gases among galaxies that can account for almost half of the baryonic dark
matter contribution.

1.2. Models for Dark Matter - Candidates
Neutrinos Because of their nature of being stable and weakly interactive with matter, neutrinos were one of the first suggested viable candidate. Anyway SM neutrinos
are relativistic and this supports the top-down formation theory rejected by N-body
numerical simulations.
The number of neutrinos is approximately equal to the number of photons in the
CMB. They are called relic neutrinos and form the Cosmic Neutrino Background (CνB)
and have been predicted by the Big Bang cosmology [24]. Little mass neutrinos are relativistic and could constitute Hot Dark Matter useful to explain small scale structures
in the Universe. Observations from Planck allow to set a limit to Ωb ⪯ 0.004.
Another hypothesis consists in sterile neutrinos, proposed as Dark Matter candidates in 1994 by Dodelson and Widrow [25]. As being left handed chiral they represent
an extension of SM and do not undergo weak interactions. Their existence was widely
motivated theoretically and could also lead to a valid explanation of matter/antimatter
asymmetry during bariogenesis. They must be heavy (keV) and non relativistic (CDM)
since lighter neutrinos forbids the formation of DM structures at large redshift. Sterile
neutrinos could be detected through ordinary neutrinos decay νs → νγ which produce
a flux of mono-energetic photons observable by X-ray satellites [26].
Even though experiments at LEP proved that only three flavours exists Nν =
2.984 ± 0.008, some observations to prove oscillations hypothesis revealed anomalies
in the results that lead to hypothesis of the existence of at least another neutrino
flavours different from the others with a small mass (eV) and opposite elicity: the sterile neutrino. This fourth flavour was first introduced by Pontecorvo but remains still
not proven experimentally. It is not part of the SM as it interacts with matter only
gravitationally but is able to oscillate in different neutrinos.
MOND and f(R) theories Theories with an approach that involves modified gravity like MOND (MOdified Newtonian Dynamics) [27] and f(R) theories [28] resulted
appealing for some scientists. They provide a successful empirical explanation of the observed phenomenology of galaxies without the need for Dark Matter. The idea behind
MOND theory suggests that Newtonian dynamics does not apply to objects with low
acceleration so a modification of the second law of dynamics was proposed. According
to f(R) theories, instead, Einstein’s General Relativity is extended by a family of modified gravity theories. There is anyway evidence to reject them since they violate the
Einsten’s weak equivalence principle (WEP), according to which photons and gravitons
experience the same time delay passing through a non-zero gravitational potential [29].
Such theories, actually, require the presence of a new dynamical field which can mix
with gravitational waves. GWs have experienced, according to observations, exactly
the same time delay of the light, providing a strong evidence of Dark Matter effect.
The need for a non baryonic Dark Matter imply a new theoretical framework beyond
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SM. The properties required by ideal Dark Matter candidates can be satisfied by a
large variety of particles from extensions of SM to string theories and SuperSymmetry.
Axions Introduced to solve the strong CP problem, particles called axions has been
widely discussed as DM candidates. They are pseudoscalars with 0 spin, light and are
involved only in super weak interaction.
In the late 70s Peccei and Quinn postulated a new additional spontaneously-broken,
global chiral symmetry U (1) to address that QCD does not violate CP symmetry [30]
where the role of the Goldstone boson of this broken symmetry can be addressed to
the axion [31].

Figure 1.7: Axion decay in photons through a loop of fermions
At a very high Peccei-Quinn breaking scale very light axions, called invisible are
considered very good Cold Dark Matter candidates as they interact extremely weakly
with ordinary matter and are stable at cosmological timescales. Because of their small
cross section they are not produced in the hot plasma of Big Bang but are formed
cold from vacuum fields. The relic abundance of axions compatible with that of non
baryonic DM making certain assumptions about the production mechanism.
Experimental searches are based on the Primakoff effect [32]: under an adequate
magnetic field axions are converted into photons through a loop of fermions (fig. 1.7).
Currently, the Axion Dark Matter eXperiment (ADMX) tries to detect directly
axions through a stimulated conversion of photons inside a resonant cavity with a
magnetic field that can be tuned between 500 MHz and 1 GHz to provide nearly
definitive test of axions models in a wide range of masses [33].
WIMPs The most widely-studied as the best suited Dark Matter candidates are
the Weakly Interacting Massive Particles (WIMPs). As they satisfy all the better
established DM characteristics, the majority of efforts in experimental searches during
the last decades focuses their attention on them. WIMPs must be electrically neutral,
non-baryonic and interact with SM fields only via the weak nuclear force. WIMPs
should also carry some conserved quantum number to keep them stable on cosmological
timescales. Actually, if they are stable, there is a cosmological relic abundance produced
during the Big Bang. In the absence of any other symmetries which might force their
masses down, being members of SU(2) multiplets, WIMPs should naturally acquire
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masses within a few orders of magnitude of the SU(2) × U(1) electroweak symmetrybreaking scale (a few GeV or TeV). This makes them sufficiently heavy to constitute
Cold Dark Matter (CDM) even if they have been produced thermally in the early
Universe.
SUSY candidates SUSY is a space-time symmetry based on defined supermultiplets
consisting of a known SM particle and its supersymmetric partner holding the same
quantum number except the spin that differs from 1/2. These supersymmetric particles dubbed sparticles, have a spectrum introduced with the Minimal Supersymmetric
Standard Model (MSSM) shown in fig 1.8.

Figure 1.8: Spectrum of particles and fields in the MSSM
The theory introduces a new multiplicative conserved quantum number called Rparity in the form of
(B−L)+2s
R = (−1)
(1.2.1)
where s is the spin, B baryonic number and L leptonic number, set to -1 for sparticles
and 1 for particles. This theory of Supersymmetry is therefore considered an extension
of the SM that lead also to a solution for some of the main phenomenological issues
like the unification of gauge symmetries at high energies [34]. In this framework it is
required the introduction of many new particles among which possible candidates for
CDM can be found as they satisfied the required DM characteristics: being neutral,
non baryonic, massive, weakly interactive and cold.
Towards this direction points the majority of efforts in experimental searches for
DM during the last decades. The most accounted WIMP particle is neutralino, the
lightest neutral fermion and supersymmetric particle (LSP) neutralino, even the most
studied and investigated, as it is considered one of the most popular candidate for
DM. It is stable as it can no longer decay into lighter SUSY particles and neither into
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particles from the SM for the R-Parity conservation. SUSY particles can only decay
into an odd number of superpartners. The lower limit for Mχ is around 7-10 GeV
and can be derived from searches for supersymmetric particles at LEP accelerators [35]
while the upper limit comes from the cosmology and has been set to 7 TeV [36]. These
limits can be considered as general indication of scale of WIMPs masses.
Other potential contributors to DM have been individuates in gravitinos, superpartners of graviton but as they interact only gravitationally its observations is extremely
difficult [37].
There are a lot of free parameters in SUSY model like mass, abundance, annihilation, cross section, this is why these models appear highly attractive to scientists.
Other exotic DM candidates There are also other exotic DM candidates like
WIMPziallas [38], super heavy DM particles, Kaluza-Klein Dark Matter [39], excitation
of SM field in the context of extra dimensions theories, Mirror Dark Matter particles
[40], or self Interacting Dark Matter [41].

1.3

Search for Dark Matter - Experiments

The compelling evidence of Dark Matter encounters worldwide efforts aimed to detect
Dark Matter particles. A large interest in the field from different branches of physics,
from astrophysics to particle physics arise among the experimental community bringing
together a great ferment of ideas and involving new technologies. Three main strategies
for search of WIMPs can be recognized:
• Direct detection, typically operated deep underground, are conducted to observe interactions of DM particles scattering off atomic nuclei at low energy, in
ultra low background conditions.
• Indirect search and detection strategy take into account products of DM
annihilation (or decay) studying gamma rays, X-rays, positrons and antiprotons,
neutrinos over astrophysical background.
• High energy collider production where, at accelerators like the Large Hadron
Collider at CERN, missing energy in the reconstructed event associated to familiar particles is studied to recognise DM particles produced in high energy
collisions.

1.3.1

Direct DM detection

Direct detection of DM is based on the measurement of nuclear recoil produced by
WIMP-target nuclei elastic scattering. The idea that WIMP can be detected through
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Figure 1.9: Schematic representation of possible DM particles (χ)couplings to SM particles of ordinary matter (P). Image from [42]
coherent scattering on nuclei in a Earth-based experiment can be traced back to the
idea proposed by Goodman and Witten in the middle 80s [43].
Taking into account the small cross section, expected event rates are so low to
require detectors with huge mass. To achieve this, great number of target nuclei, long
exposition times and a low background environment are required. The direct detection
technique accomplishes that by shielding the detector from environmental radioactivity
and increasing the radiopurity of detector elements. Therefore, many efforts have been
made in experiments towards the reduction of the environmental radiations to the
only atmospheric neutrino flux which gives a signature indistinguishable from a WIMP
signal. Cross section in WIMP-nuclei scattering can be studied to determine the event
rate. The expected rate of events dR per nuclear recoil energy dE is given by
dR
ρ 2 vmin
dσ
= NN m F ∫
dvf (v)v
dEr
dE
χ
r
vmax

(1.3.1)

where NN is the number of target nuclei, σ is the WIMP-nucleus cross-section, ρ
the local WIMP density in the galactic halo, mχ the WIMP mass [44]. The distribution
of WIMP in the halo is given by mean velocity integrated over a range of velocities
from the minimum vmin to the hale escape velocity vmax . Assuming a local density
−3
of ρ = 0.39 ± 0.03GeV cm and a mean velocity of v = 220km/s, the equation 1.3.1
shows a relation between the mass of he WIMP and the cross section. Assuming a
−38
2
cross section on nucleus of the electroweak scale of σ ≈ 10 cm the event rate is
R ≈ 0.13

events
kg ⋅ year

(1.3.2)

Since the orbital motion of the Earth around the Sun through the WIMP sea
produces a WIMP wind with a velocity annual modulation, it is expected to observe
even an annual modulation of the event rate.
Interactions of WIMPs with target nuclei can be detected with crystal detectors

16

1. Dark Matter

Figure 1.10: According to seasonal modulation direction of the Sun and Earth during
their annual motion are shown in figure
analyzing scintillation light produced by de-excitation of nuclei. Using a combinations
of observable signals characterizes different detector types and can be helpful to discriminate between the background response. Thresholds of the order of KeV, excellent
capability of background rejection and the possibility of data taking stable and long
lasting are some of the most desirable characteristics of the recent detectors. Depending
on the choice of signal detection technique, a variety of target material are employed.
Cryogenic bolometric detectors and germanium detectors Cryogenic detectors operative at low temperatures (sub-Kelvin) are particularly suitable for low mass
WIMP search as they allow to reach very low energies (ER ≺ 10KeV ). They are based
on the property of a crystal to have a thermal capacity that changes significantly with
3
temperature (≈ T ). So a little energy deposit changes temperature of the absorber
inducing collective excitation (phonons) in the crystal.
Signals produced by nuclear recoil and electron ionization are different, so placing
a second detector apart from the thermal response, can improve background rejection.
Thermal background is actually kept under control by using cryogenic bolometers with
additional charge or scintillation light readouts.
Among main cryogenic detectors like CDMS [45], CRESST, EDELWEISS [46], all
active underground, CRESST showed an excess of event over the expected number [47],
comparable with a DM signal for a mass of ≈ 20GeV , that remains still not confirmed.
The CoGeNT experiment, which uses such technique with pure germanium, claimed
the observation of an annual modulation in its data [48] but was not confirmed in later
experiments.
Scintillating crystals These detectors use scintillating crystals inside a shielding
with low radioactivity covered with photo-multipliers. Electronic and nuclear recoils
induce a signal in the PMT with different pulse shapes but usually this effect is too
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low to be a discriminant. This is the main reason why some experiments are looking
for a sign of an annual modulation in the DM-like signal. This signal is based on the
expected variation for the WIMP event rate.
DAMA/LIBRA is the first experiment designed with this revelation strategy operating at LNGS underground laboratory, employs 250 kg of highly radio-pure NaI(TI)
crystals [49]. The experiment detected, with a high significance level of 12.9 σ, an
annual modulated signal compatible with the spectrum of a non rotating WIMP halo
[50]. Results are compatible with different DM candidates, kinds of interactions and
scenarios. No other experiment exists whose observations result to be independent
from models. Nevertheless, the DM interpretation of these results is in strong tension with results published by other experiments using different detection techniques
and targets (i.e. XENON100 [51]) and cross section seems to be not comparable with
superior limits set by other experiments.
Other experiment using the same strategy of DAMA have been proposed to confirm
or reject the annual modulation: the COSINE experiment [52] in Korea and SABRE
[53] using an array of NA(TI) detectors at LNGS and SUPL in Australia.

Noble liquid detectors A good detection technique requires liquid Argon and
Xenon as scintillators and target material to collect primary ionization produced by
the passage of a radiation. Having great transparency to photons allows to build huge
massive and dimension detectors. Furthermore nuclear recoils can be discriminated
from electrons with pulse shape discrimination.
Advanced techniques are represented by dual phase time projection chamber (TPCs)
detectors including gas and liquid state in equilibrium and photo-multipliers at the
edges. This allows to reconstruct interaction topology and have good performances in
background rejection. Relevant results come form come from the XENON1T experiment [54] that improved previous limit of LUX [55] in terms of world-best exclusion
limit in the parameter space. Liquid Argon, as stated before, can also be used as target
to build multi-ton TPCs, such as DarkSide [56].
The figure 1.12 shows the best actual limits to cross sections from WIMP scattering
independent from spin as a function of the WIMP mass. Closed colored areas represent
regions in the parameter space coming from positive claims. Experimental results with
different target nuclei are normalized to a single nucleon scattering. Limits from direct
detection are consistent with those set by colliders DM production research. The
absence of a signal within the SM implies for many models to foresee very massive
WIMP and small cross section σ.
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Figure 1.11: Annual modulation of a signal from DAMA experiment noticed in phase
2 at different energies. Image from [50]
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Figure 1.12: Correlation between cross section limit and WIMP mass. In the lower
part of the plot is reported an approximate band for coherent scattering of atmospheric
neutrinos with nuclei that begins to limit experimental sensibility for WIMP direct
detection. Image from [57]

1.3.2

Directional Dark Matter search

Alternative solutions to huge mass detectors are experiments designed to measure nuclei recoil direction. This would be a signature for an unequivocal galactic origin of
the signal other than producing a signal distinguishable from the coherent neutrino
scattering. The detection of a signal, over the isotropic background and peaked in this
direction, could provide a clear proof of the galactic origin of Dark Matter.
Because of correlation between WIMP incident direction and nucleus recoiling, the
events reported should point to the WIMP wind direction. Actually, the motion of
the Earth in and within the Solar System generates an apparent wind of Dark Matter
particles in the Earth’s point of view, blowing from a particular direction corresponding
approximately to the Cygnus constellation.
During the interaction between Dark Matter and normal matter, the nuclear recoils
show typical energies of a few tens of keV. The direction of the recoil encodes the
direction of the incoming DM particle. To observe the daily modulation in the direction
of the DM wind, an angular resolution of 20–30 degrees in the reconstruction of the
recoil nucleus is required. Producing nuclear recoil tracks that are at least 1 mm in
length is key requirement for a directional detector that should achieve a sub-millimeter
tracking resolution. Long recoils can be obtained by using a very dilute gas as a target
material. Most directional detectors are Time Projection Chambers (TPCs) that use
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the gas both as target and detector material. At the typical pressure of 40-100 torr,
a collision of a 100 GeV WIMP of 220 km/s with a gas molecule causes a nucleus to
recoil about 1-2 mm.
The field of Dark Matter directional detection was pioneered by the DRIFT [58]
experiment but then others like MIMAC [59] and NewAge [60] followed. An alternative
approach to directional search with solid targets involves emulsions to image the nuclear
recoils caused by WIMP interactions in the NEWSdm experiment. Emulsions, with
their submicron 3-D spatial resolution, can determine the direction of WIMPs even
from very short recoils. The target density can, therefore, be much higher than in
gaseous directional detectors, and a large mass can be contained in a relatively small
volume. NEWSdm experiment will be further discuss in the following work.

1.3.3

Indirect DM detection

A diverse approach to DM particles detection follows the observations of their annihilation through the radiation emitted in such process under the form of SM particles.
Self-annihilation should be significant in present Universe while pair annihilation is
assumed to be suppressed after decoupling in the early Universe.
Indirect detection methods aim to detect primary or secondary products of these
annihilations, in the form of photons, neutrinos or other cosmic rays. As a two-body
process, the annihilation rate is proportional to the square of the Dark Matter density,
whereas the single-body decay process is proportional to the first power of the density.
Most exploited methods include neutrinos revelation from massive objects, gamma rays
studies, antimatter research present in cosmic rays.
Neutrinos from WIMP annihilation in massive objects Massive objects with
large concentration of DM, such as the Sun, the Galactic Center, nearby galaxies,
galaxy clusters and even the Earth itself, act as Dark Matter annihilation amplifiers
as DM particles accumulates inside celestial bodies.
These DM particles lose their energy because of nuclei elastic scattering; their annihilation products moving slower than the escape velocity are trapped while neutrinos
are the only produced particles that can escape and reach detectors providing a unique
signal [61]. Their energy and direction remains completely unchanged during propagation in space and through matter. These neutrinos have energies typically greater
than those of thermonuclear origin.
Dedicated experiments, like ANTARES [63], IceCube [64] and SuperKamiokande
[65] are based on the use of water Cherenkov telescopes and are able to set stringent
constraints on WIMP-nucleon cross section based on upper limits on the neutrino flux
from DM annihilation.
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Figure 1.13: The plot shows results on the velocity weighted dark matter annihilation
cross section from different experiments. Limits are expressed with solid lines while
dashed lines represent sensitivities of future facilities. The heart symbols represent
analyses performed by the authors of [62] with public data, and not by the collaborations.
Image from [62]
No excess of neutrinos from the Sun or other objects have been observed at the
moment.
Charged cosmic rays and positron excess When DM particles annihilate or decay in charged particles, electrons, protons and light nuclei are expected to be produced
jointly with γ-rays providing a complementary measurement for the indirect search of
DM.
As matter and antimatter should be originated in equal amount as a consequence of
DM annihilation, research focuses on positrons, antiprotons and other antiparticles that
show a low astrophysical background. Antimatter is not so abundant in the primary
radiation, but produce a signature of DM induced cosmic rays as a diffuse spectrum
with a cut off at energies close to mχ , WIMP mass.
Anomalies or antimatter excess in charged cosmic rays are sought with balloon type
detectors like HEAT [66], ground based telescopes like Pierre Auger [67] and CTA [68]
and experiments on satellites PAMELA [69] and AMS [70].
Some of the most promising results are the positron excess registered in the spectrum of cosmic rays detected by PAMELA, FERMI-LAT e AMS02 [71] [72] and an
excess in antiproton flux measured by AMS02 [73] which could be explained as DM
annihilation.
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Gamma ray telescopes A common end product of DM annihilation is gamma-ray
emission with either a continuous spectrum or with specific spectral features such as
mono-energetic lines. Gamma rays produced from DM annihilation or decay are not
deflected by magnetic fields. If they were born in transparent regions they can be able to
travel towards us from everywhere in the Galaxy and in our Universe, keeping memory
of the direction of their source. It is thus highly possible that this DM interactions
produce a gamma rays spectrum decreasing with more energy, with a peak near the
WIMP mass and at a lower rate compared to spectrum of other astrophysical sources.
Some of the most investigated target for ID experiments include the Galactic Center
(GC) [74], dwarf spheroidal galaxies [75], which provides the strongest limits even with
a less intense signal, and galaxy clusters. Space telescopes have been set up for direct
gamma-ray observations, while ground-based observatories exploit the Cherenkov light
produced by showers of secondary particles from the interaction of gamma-rays in the
atmosphere.
EGRET [76] and FERMI-LAT [77] are currently conducting these kind of observations using a pair conversion inside a tracking detector and an electromagnetic calorimeter. Direct gamma rays observations with space telescopes provide a strong limit on
.
the WIMP annihilation cross section up to masses of ∼ 1 TceV
2

1.3.4

Dark Matter production at colliders

Another research line focuses its attention on finding Dark Matter at accelerators. High
energy colliders, LHC in particular, are viable experimental venues for DM detection
through its production. The missing transverse energy (missing ET), which refers
to an apparent missing component of the total final-state momentum in the direction
transverse to a collider beam can be interpreted as a WIMP signature. If the sum of the
outgoing transverse momenta of a reaction is different from zero this can be attributed
to the production and escape of a massive particle with a very small interaction crosssection. Stability of the particles plays a key role in the detection process.
Examples of accelerators dedicated to this kind of research are CMS [78] and ATLAS [79] that are interpreting constraint on production cross sections in terms of field
theories and models to compare them with those from Dark Matter direct detection
experiments.
An alternative way it to attempt to reconstruct the theory responsible for the new
TeV-scale physics using other variable rather then missing energy to constrain masses
and cross section of new particles without measuring them directly.
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(a)

(b)

Figure 1.14: Summary of Dark Matter searches at colliders as the DM-nuclei scattering
cross-section, for CMS (a) and ATLAS (b). The CMS results refer to spin-independent
(vector-mediator) scattering and the the ATLAS results to the spin-dependent (axialvector) interaction. The results from some of the main direct-detection and indirectdetection searches are also shown for comparison. Image from [80]
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Chapter 2
NEWSdm experiment and
directional Dark Matter Search
In the framework of identification and tracking devices for Dark Matter search, NEWSdm
project pursues the directional research line with an innovative approach based on nu2
2
clear emulsions. Assuming WIMPs in the mass range from a few GeV /c to T eV /c
as creditable candidates for Dark Matter, the detection of nuclear recoils by elastic
scattering turns out to be crucial for direct search. The apparent wind of DM particles from the direction of Cygnus constellation is expected to be time modulated due
to the Earth motion in the Solar System. Since the annual modulation observed by
DAMA still remains controversial, a directional modulation is expected to be stronger
and easily discriminated from isotropic background sources. Anyway, the search for
such rare events requires strong background suppression.
Shielded from environmental radioactivity, the NEWSdm detector will be mounted
on an equatorial telescope to cancel out the Earth rotation effect and to keep the orientation fixed towards the expected direction of galactic WIMPs. The detector aims to
push forward the sensitivity beyond the neutrino-induced background trying to detect
sub-micrometric tracks left by low energy ions in emulsion films due to WIMP-induced
nuclear recoils. Achieving a high spatial resolution to allow tracks reconstruction of
path lengths down to one hundred nanometers and even lower, is made possible thanks
to cutting edge analysis technologies joined with a fully automated scanning optical
system.
In the following sections components of the apparatus, general information about
acquisition process and about the scanning system will be presented.

2.1

Nuclear emulsions

Thanks to their high spatial resolution compared to other tracking devices in particle
physics, nuclear emulsions are kept in great consideration among devices devoted to
25
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the detection of ionizing particle tracks.
A nuclear emulsion contains a large number of silver halide crystals (AgX) with a
typical diameter of 200 nm uniformly distributed in an organic gelatin medium. In
recent applications, nuclear emulsion is made by silver bromine with a small fraction
of iodide, giving the crystal a value for the band gap of 3.864 eV.
After the passage of a charged particle through the crystal, energy released in it
allows electrons to move from the valence band to the conduction band. Electrons are
therefore diffuse inside the crystal until they are trapped in one of the sensitisation
centre (created artificially with a chemical process) located on the surface acting as a
trap (electron process). At this point the reaction between trapped electron and the
silver ion nearby combine to form a silver atom (ioning process).

Figure 2.1: The passage of a charged particle and the Ag grains formations, whose
aggregations create latent image centers. After the chemical developments the positions
of silver grains permit to reconstruct the particle track path. Image from [81]
As a consequence of the repetition of the aforementioned process, the formation of
an aggregate of silver atoms occurs,
−

Agn−1 + e + Ag+ → Agn

(2.1.1)

in order to reduce all the crystals. Aggregations of more than four atoms can be
further developed thanks to their depth and their sensitisation centres represent the
so-called latent image centres. A development procedure is then performed in which
the signal is amplified chemically. Particle tracks are now ready to be analyzed by
optical microscope after AgBr crystals in excess has been washed out.
Nuclear emulsions sensitivity is expressed as the number of grains per unit length.
In general for a particle at the minimum of ionization the sensitivity is between 30 − 50
grains per 100 µm, scaling with the volume occupied by the crystals compared to the
total volume of the emulsion layer. Due to several reasons, such as thermal noise
or impurities, random noise, called fog, can be created as well that has to be kept
3
preferably lower than 5 grains/10 µm .

2.2. NIT - Nano Imaging Tracker
Nuclear emulsions contributions to particle physics are worth mentioning: an example is the use of nuclear emulsion in the OPERA experiments at LNGS that led
to the discovery of neutrino oscillations νµ → ντ in appearance mode [82]. Thanks
to upgoing improvements to the emulsion technique in addition to the digital update
of the read-out strategy, that enhanced the high-speed automated scanning system, a
huge potential of emulsion detectors still arise for applications in neutrino physics and
in applied research.

2.2

NIT - Nano Imaging Tracker

In order to observe the signal and to detect short track lengths (few hundred nanometers) in WIMP-nucleus elastic scattering processes, it is necessary to have smaller
crystal size. In standard emulsions the size of silver halide crystals ranges from 0.1
µm to 1 µm. In Japan, the Nagoya University has started the production of crystals
of few tens of nanometers called NIT (Nano Image Tracker) with AgBr crystals of
44.2 ± 0.2nm [83]. A later update led to the development of shorter scale crystals, the
UNIT (Ultra Nano Image Tracker) where the crystals have dimension of 24.8 ± 0.1nm
[84]. They make it possible to reconstruct trajectories with path lengths shorter than
100 nm.

Figure 2.2: Crystal diameter distributions for both NIT and UNIT emulsions. Images
from [85]
The average distance between grains in both configurations corresponds to ∼ 70nm
and ∼ 40nm, respectively, thus defining the minimum detectable length. The density
3
of the emulsion is 3.43g/cm .
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Constituent
AgBr-I
Gelatin
PVA

Mass Fraction
0.78
0.17
0.05

Table 2.1: Table shows NIT main components (from [85])
Element
Ag
Br
I
C
O
N
H
S

Mass Fraction
0.44
0.32
0.019
0.101
0.074
0.027
0.016
0.003

Atomic Fraction
0.10
0.10
0.004
0.214
0.118
0.049
0.410
0.003

Table 2.2: Table shows fractions of chemical mass components in NIT emulsions (from
[85])
The whole production process of both NIT and UNIT emulsions can be split into
three different phases, performed in dark room as crystals are sensitive to light. In
the particle formation procedure, AgBr crystals grows mixing AgN O3 and NaBr in a
thermostatic bath containing a solution of gelatin and polyvinyl alcohol as reported in
the following reaction:
+

−

AgN O3 + N aBr → AgBr + N a + N O3

(2.2.1)

To increase the sensitivity of the crystals a small fraction of NaI is added to the
emulsion. Afterwards the desalination process is performed. It requires to residual
+
−
ions N a and N O3 to be removed with a flocculation method. In the last phase,
to achieve a homogeneous distribution of the crystals in the gelatin through a redispersion process, the thermostatic bath is set to rotation at constant speed for at
least an hour. The final procedure consists of pouring the compost on a glass film.
The main components of NIT emulsions are reported in tab 2.1 and tab 2.2 with their
fraction.
Before storing data into the emulsions for later analysis, they require chemical
preparative treatments consisting of three steps. Firstly, a pouring treatment that
consists in water dilution and pouring on rigid supports are accomplished after heating
◦
NIT gel up to ∼ 40 C. Then a halogen acceptor sensitization is made to increase the
efficiency of the crystals to form latent images and a final step involves gelatin to
protect NIT surface.
After each process, NIT films are dried in dark room with controlled humidity and
temperature. Then, NIT films are ready to be exposed. In order to be analyzed, the
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emulsions are subject to a development treatment consisting of different steps in which
the films are immersed in different solutions.
Firstly in a sodium sulfate solution to facilitate the penetration of the development
agent inside the emulsions, then in a solution of water and Metol Ascorbic Acid (MAA)
to make grains visible and later a sodium or ammonium thiosulphate solution to remove
all the not sensitized silver halides. In the last step emulsions films are held under
running water and dried up at controlled and temperature conditions, finally ready to
be scanned by automated optical microscopes.

2.3

Expected Background sources

Ultra low experimental background conditions, involving both physical and instrumental effects, are key requirements to enhance the capability of identifying Dark Matter
interactions.
Minimum ionizing particles (MIP), such as muons and protons, do not represent a
problem for signal discrimination in the NIT emulsion as they are expected to produce
smaller aggregations of silver atoms in crystals than those required to form a latent
image. Therefore, the main components of the expected background are electron recoils
induced by α, β particles and γ-rays and nuclear recoils induced by neutrons.
The typical background sources for the NEWSdm experiment are due to external
background, common to all experiments and reducible in an underground site and with
a suitable shield, and the intrinsic radioactivity of detector, that can be minimised using
ultra-pure materials.
Environmental background Experiments designed to study rare events, placed in
underground laboratories, need to tackle the problem of environmental gammas but
also the cosmic muon and neutron flux. The materials inside the experimental hangar
and the components of the surrounded rock , as the site depth, can play a significant
role in reducing the rate of these events. Diffuse neutrinos background, on the other
hand, can represent a challenge for the discrimination of signals events.
The α particles do not represent a threat to characterize the signal-like events as
they produced track lengths longer (a range of the order of tens of microns) compared
to WIMP interaction induced recoils. This allows them to be easily identified by an
upper cut and to be deleted.
A relevant source of background is represented by β rays produced in the emulsion
14
gelatin itself due to the presence of C. Thorium, Uranium and common isotopes
present in the surroundings materials are considered the main responsible to be the
main gamma radiation sources. The energy of gamma photons produced by them
ranges up to 2.6 MeV.
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Figure 2.3: Environmental gamma flux measured at LNGS underground halls and the
238
232
40
individual contributions of
U,
T h and K from of a Monte Carlo simulation.
Image from [86]
The γ-rays interactions with matter through photoelectric effect, pair production
and Compton scattering, with the energy of about few keV, can produce electrons
of few keV energies, to which the crystals are sensitive. Low working temperatures
reduce significantly the emulsion sensitivity to electrons. The use of shielding with
dense materials or of large tanks of water can help to reduce the gamma-induced
background to negligible levels.
The neutron component of the environmental radioactivity at the LNGS is produced
for neutrons production through two processes: the spontaneous fission and the (α, n)
reactions between α particles and nuclei of light elements present in the rocks or in the
detector materials. Neutrons can be captured in materials with high absorption cross
section in order to reduce neutron background. Moreover, neutrons can be effectively
thermalized in passive shields made of hydrogen-rich materials or elements with low
atomic number.
Cosmic muons background are strongly reduced from an initial energy spectrum
of the order of GeV in underground laboratories as the site depth acts as a reduction
system of the cosmogenic neutron flux. The muon flux is therefore reduced of six order
by magnitude compared to that measured flux at the surface.
As stated before, reducing neutrino diffuse background represents a challenge in
Dark Matter search as the ever-increasing sensitivity of detectors is about to face solar,
atmospheric and supernova neutrinos flux whose signals produced in neutrino-nucleus
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Figure 2.4: Neutron flux distribution in the underground laboratory of LNGS. Image
from [87]
scattering processes cannot be distinguished from Dark Matter recoils. For this reason
we refer to neutrino background as neutrino floor like an irreducible background in
Dark Matter search.
Intrinsic Background sources More difficult to minimize but at the same time
more dangerous for the observation of such a rare DM event, intrinsic contamination
is produced inside the detector. A good way to obviate to the problem is to use high
radiopurity materials. Two of the main intrinsic background sources that can affect
14
the measurements are represented by electrons coming from β decay of C isotope
and radiogenic neutrons from the decays of radio-isotopes inside the NIT emulsions.
The emulsion sensitivity to electrons can be reduced by dedicated chemical treatments and by lowering the temperature during the exposure. Moreover, it is possible
14
to get rid completely of the intrinsic C isotope by replacing organic gelatin with synthetic polymers. The latter source of radiogenic neutrons has been estimated with mass
and gamma spectroscopy in order to measure directly concentration of Uranium and
Thorium and their direct daughter nuclides density in decay chains. The estimation of
the neutron intrinsic background due to the spontaneous fission and (α, n) reactions
−1 −1
then turned out to be 1.2 ± 0.4kg y [88]. In addition to these background sources
due to physical interactions with target nuclei, another source has been individuated
as instrumental. During emulsions production there is a chance that dust particles
are introduced inside emulsion gel along with the fog grains produced with thermal
excitation and randomly distributed. The first component of instrumental background
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can be sensibly reduced operating NIT production process in a clean room or discarded
during the analysis process as they show a very irregular shape and typically have the
−2
brightness level well above the threshold. The dust particles level is about 5 × 10
while the fog density in NIT is about 0.1 grains per ten cubic micrometer.

2.4

The NEWSdm experiment

The NEWSdm experiment proposes a detector with an innovative approach for the
directional search of Dark Matter and exploits NIT emulsions to provide high spatial
resolution. Nuclear emulsion acts as both a sensitive media and a tracking device.
The detector is installed inside a shield to reduce all the external background sources
and is placed underground to protect it from cosmic rays. The estimated WIMP rates
are actually of the order of 1 event per year per kg, much lower compared to usual
radioactive backgrounds.
The detector is placed on an equatorial telescope. The telescope has two axis: Polar
axis is thus kept parallel to the Earth axis while the Declination axis is perpendicular
to the Polar axis. A visual representation of the set-up is reported in fig. 2.6. Since
WIMP signals are expected to be peaked in the opposite direction to the Cygnus
constellation, the equatorial telescope allows keeping NIT emulsion films orientation
towards the expected WIMP wind direction.

Figure 2.5: Representation of the reference system adopted: the x axis is set along the
direction of the WIMP wind opposite to the Cygnus constellation and θ is the angle
between the nuclear recoil and its projection on the x-axis. Image from [89]
The detector mass is designed to be of 10 kg and made of 389 50-µm-thick films
packed in a single block. The emulsion detector is the core of the device surrounded
by a Plexiglas sphere flushed with high purity Nitrogen to prevent accumulation of
radioactive contamination degassing from the shield materials.

2.4. The NEWSdm experiment

Figure 2.6: Schematic representation of the experimental setup. The apparatus is made
up of an equatorial telescope, the cylindrical shield and the NIT in the centre
The distribution of the WIMP incoming angle shows that the majority of WIMPs
are expected to have a peak at zero as shown in fig. 2.7. The WIMP arrival angle
is expected to be peaked in the forward direction, giving rise to the anisotropy in the
recorded recoil angular distribution.

Figure 2.7: Angular distribution expected for WIMPs on a plane with a peak in the
WIMP wind direction is shown in blue. Red curve shows the same angle if the distribution is not subject to forward/background direction. Image from [85]
In addition to heavy Silver and Bromine atoms, in the emulsion are also present
lighter nuclei such as Oxygen, Carbon and Nitrogen enabling the detection of both
light and heavy WIMPs masses.
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The contribution of the C, N, O ions is essential to detect WIMP masses around 10
2
GeV /c , while, on the other side, Ag and Br are the most efficient targets for WIMP
2
masses in the range of hundreds GeV /c [90].

2.5

Read-out strategy

The search for a WIMP signal requires the readout of the entire emulsion volume.
The entire process then needs to fulfill two basic requirements: first, the scanning
system requires to be fast and completely automated to analyse the target and second, the spatial resolution is expected to reach few tens of nanometers, one order of
magnitude lower than standard emulsion films.
The read-out strategy is performed in two steps that will be discussed in details in
the following paragraphs:
• candidate selection, a fast scanning with a conventional optical microscope for
signal pre-selection where the resolution limit for the track length is set to ∼ 200
nm by optical resolution limit;
• candidate validation, with a custom-designed super-resolution optical microscope
for a more accurate analysis exploiting the Localized Surface Plasmon Resonance
(LSPR) phenomenon.

2.5.1

Scanning Setup and the optical microscope

The need for a fast and completely automated scanning system is essential for NEWSdm
experiment as nowadays it is for many particle physics experiments that exploits nuclear emulsion as a detector. The scanning apparatus is partially based on the deeplymodified version of European Scanning System (ESS [91]) used in OPERA experiment.
Huge progresses achieved allowed to extend the application of nuclear emulsion to different fields, from medicine to muon radiography.
The scanning setup is composed by
• a mechanical stage controlled by computer and consisting of two motors to scan
on plane X-Y and a focusing plate mounted vertically in the Z plane with a
motorized system;
• an appropriate optical system, a photo-detector (typically a CMOS camera) for
image acquisition and an illumination system below the optical bench.
The scanning stage for horizontal movements and a focusing stage for vertical movements, mounted on a granite arm, are fixed to a high quality table, which provides
a rigid and vibration-free working setup, keeping the components in a fixed position.

2.5. Read-out strategy
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The emulsion is placed on the glass plate above the scanning surface. The acquisition
process provides that the whole emulsion is scanned view by view by the camera and
the images are sent to the frame grabber located in a computer. The latter is also
capable of controlling the light intensity and the stages displacements.
The scanning process consists in taking several images of the entire emulsion film
letting the focal plane (of the order of one micron) of the optical lens to move through
its thickness. It therefore provides a 3D reconstruction of the tracks from a series of
images collected at different depth lengths. This procedure of image processing generates useful information about developed grains as position, shape and structure of the
tracks. The content of the entire sample after the scanning is stored digitally to further
analysis. Computational and image processing efficiency is required for the management of the huge amount of data collected during the scanning phase. The dedicated
software, developed by Naples Emulsion group, for the described hardware configuration is LASSO [92] (Large Angle Scanning System for OPERA) which improves the
performance of the ESS by increasing the scanning speed, the angular acceptance and
the efficiency in micro-track reconstruction. Two different methods for the scanning
process have been developed: Stop&Go (SG) and Continuous Motion (CM). The SG
techniques provides the data acquisition (DAQ) motion where the objective lens moves
at a constant speed vz = sf vertically keeping fixed the stage X-Y. Then, the reset
motion implies the passage to the next field of view of both the objective lens and the
stage. In the CM approach the vertical moves with periodic motion while the stages
moves horizontally at a constant speed. This mode has the advantage of reducing
the time required by the reset motion. The big improvement in the scanning speed is
2
2
clear as the effective speed is 190 cm /h [93] compared to 84 cm /h achieved with SG
technique.
2

The first prototype of the ESS developed in Naples had a speed of 20 cm /h and
reached a spatial resolution of about 1 µm and an angular resolution of about 1 mrad
before INFN teams carried out a R&D program to improve the performance of the
ESS. Ongoing studies of the scanning techniques show the potentiality to increase
the ESS performance of the scanning speed of at least several thousands cm/h. It is
worth mentioning that a new system (the Super-Ultra Track Selector), currently under
2
development in Japan, aims to increase the speed up to 5000 cm /h [94].
Optical microscope for shape analysis The starting point of the emulsion scanning system is to collect clusters made of grains at several depths across the emulsion.
The sequence of several grains, making a track of a few hundred nanometers, appears as
a single cluster due to the intrinsic resolution of the optical microscope (∼ 200nm). To
distinguish clusters made of several grains from clusters made of a single grain requires
analysis of their shape. The first type of clusters indeed tends to have an elliptical
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shape, while the second generally has a spherical shape.
The optical system is composed by a Nikon oil objective lens with high magnification
of 100x and high numerical aperture (N.A. = 1.45). At the end of the optical tube a
4Mp camera with a field of view of 65 × 48µm and a digital resolution of 27nm/pixel.
The illumination system was modified with respect to the ESS one passing from a
bright-field illumination to epi-illumination system. The advantage is that only the
light interacting with the specimen arrives at the camera so the optical contrast results
enhanced.
The illuminating light source is a 18 W UV (λ = 406) nm LED.
The optical resolution of the prototype was measured to be 207 nm. Angular
resolution measured by elliptical fit of grains belonging to a long track was equal to
235 mrad (13° ). The position accuracy measured exploiting LSPR effect was 10.5 nm.
As properties of light scattered by nanoparticles (NPs) strongly depends on the
composition, size, geometry and separation distance, the possibility to control grain
size of the NIT emulsions offer a chance to exploit optical phenomena generated by the
interaction with the incident light wavelength to study nanoparticles.
Non-spherical shape of NPs is subject to a strong polarization effect that could be
used to overcome optical resolution and the diffraction limit bringing it to a superresolution level. The changing in the brightness of grain images allows to distinguish
tracks composed of several grains from isolated grains. The automatic scanning operation is performed with the LASSO [92] software thanks to dedicated modules for track
reconstruction, elliptical fit and polarization analyses.
Super-resolution microscope for plasmon analysis The super-resolution microscope, optimised for the scanning of NIT emulsions is shown in Fig.2.8.
To pursue the goal of super-resolution, a fully automated microscope running at
high speed and achieving a very high spatial resolution has been developed. It exploits
the localized plasmon resonance phenomenon using a polarization analyzer based on
liquid crystals. Free electrons in the metallic NPs have a natural frequency due to
the binding force and when are solicited by an external electric field can undergo a
resonance condition showing a collective oscillation.
Moreover, if the structure is non-spherical, the dipole moment depends on the
direction of the external electric field and can be detected by analysing the polarization
angle. The microscope uses a high magnification lens combined with an auxiliary lens
to reach an effective magnification level of 260x and a high numerical aperture of (NA=
1.45). To improve the contrast of the illumination system a bright LED illumination
source with λ = 460 ± 25 nm is used. To avoid any distortion of the polarization a
beamsplitter cube has been inserted inclined by about 5°. The LED produces a uniform
2
intensity distribution across the whole emitting surface of 3×4 mm , making the use
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of the so-called critical illumination possible.
The microscope is equipped with a fast 4Mp monochromatic camera with 7 µm sensor pixel size and a digital resolution of 27 nm/pixel. The optical resolution, measured
by fitting the point spread function of spherical silver NPs, is equal to 230±10nm. The
core of the polarization analyzer is a liquid crystal variable retarder (LCVR) where a
retardancy is introduced for the light beam when passing through a liquid crystal cell
and can be controlled with an external electric field. At certain polarization angles a
grain happens to become detectable when the wavelength peak of the plasmon resonance matched that of the illumination light. As the scattered light changes due to the
polarization anisotropy of the LSPR phenomenon when the polarization angle varies,
the access to nano-scale details is possible beyond the diffraction limit.

Figure 2.8: The developed optical microscope prototype in the laboratories of Naples
and the technical scheme of its setup.

Furthermore, the development of a new acquisition software and a new tracking
algorithm has been carried out: the higher data rate (1.7 GB/s) has required the use
of last generation acquisition boards (Matrox Radient eCL SFCL/DFCL). In addition,
a more powerful computing system, exploiting a GPU (Graphic Processing Unit) based
architecture, has been implemented.
Beyond this, mounting a color camera, the acquisition of images illuminated with
white light and analyzed with different polarization angles can provide useful information based on the different color response. For example, longer nanotracks (120 nm)
shows a redshift effect of the resonant wavelength that indicates an higher ionization
produced by grain at the end of a track trajectory. In this framework, the application
of the LSPRs technique could have an impact on the head-tail discrimination in NIT
emulsions.
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2.5.2

Shape Analysis for candidate selection

The image analysis conducted on the scanned emulsions allows to collect clusters made
of several grains. A first discrimination can be carried out between clusters composed
of a single grains (commonly referred to as fog ), produced by thermal excitation, and
clusters made of several grains. This kind of analysis is usually referred to as shape
analysis and it is highly discriminative for candidate selection.
The crucial issue is that due to the intrinsic resolution of the optical microscope
of ∼ 200 nm, tracks of a few hundred nanometers consisting in a sequence of several
grains, can appear as a single one.
A turning point in the discrimination process can be represented by the elliptical
shape that these kind of signal-like clusters shows. As a cluster produced by a single
grain shows an spherical shape, one with several grains usually has the major axis along
the direction of the trajectory.
To simulate the WIMP-nuclei recoil efficiency, measurements and test beam were
performed to evaluate the optical apparatus. Kr ions beam with energies of 200 and
400 keV, as C ions beams with energies of 60, 80, 100 keV were implanted into the
emulsion.

Figure 2.9: Optical image taken by optical microscope for Kr ions implanted in the
emulsions. Elliptical shapes for candidate selection are visible. Image from [85]
Expected tracks length between 100 and 300 nm, have been analyzed by the optical
microscopes as shown in fig. 2.9. Elongated form of the cluster made of multiple grains
is clearly visible even though it appears as a single spot.
The angular distribution of C ions with energies of 60 and 80 keV shows a peak in
the direction of the implantation and the width of the distribution corresponds to the
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angular resolution (360 mrad), given by the convolution of the intrinsic resolution and
the deviations caused by the scattering in the material.
The fig. 2.10 is a sample with a track of the order of few tens of micrometers, made
by a sequence of several elliptical clusters. The distribution of the angular difference ∆θ
between the mayor axis of each cluster and the fitted track, shows a Gaussian shape.
The angular resolution of 230 mrad represents the best intrinsic angular resolution
achieved by the automated scanning system in this energy range.

Figure 2.10: On the left the angular difference for a multi cluster fitted track is explained. On the right the distribution with the intrinsic angular resolution of the optical
scanning system. Image from [85]
The shape analysis can later be validated using a X-rays microscope. This technique
can be used to check already selected candidates to offer a higher resolution (of about
60 nm) with the cons of being slower compared to the optical microscope. Nevertheless
it can be a suitable method to measure the efficiency of the optical microscope and
to evaluate the elliptical shape selection. The ability to resolve grains belonging to
submicrometric tracks is highly appealing if it were not for its speed.
Performed in the same scanning laboratories, selection and validation of the candidates phases represent the first steps towards identification of signal-type directional
tracks.

2.5.3

LSPR Analysis for Candidate Validation

A new approach aiming to enhance the spatial resolution of the optical microscope
without the use of X-rays microscope has been proposed by NEWSdm collaborative
team. The idea concerns the resonance effect of the polarized light that can be exploited
to infer the presence of non spherical nanometric grains.
As the polarization depends on the resonance frequency, the shape discrimination
can be evaluated in this way: spherical particles are not affected by different light
frequencies while a deformed sphere results to be sensitive to the polarization (fig.
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Figure 2.11: differences between spherical (left) and elliptical (right) clusters response
to the light polarization. Image from [85] [95]
2.11). Optical microscopes have been equipped with a polarization filter as the main
aim of the experiment is to gain information about tracks beyond the resolution optical
limit.
Rotating the polarizer, the response of the image shows a displacement of the
cluster barycenter in x and y coordinates measured in terms of pixel units. A signal
track in case of a cluster made of two consecutive grains, is characterized by a shift
from the position accuracy of a single grain. Accuracy of about 10 nm can be achieved
by analysing images of single grains to evaluate the position. Tests conducted for this
scope make this technology promising and a valid substitute for the X-rays telescope.
The ESS framework has been even upgraded to reach the optical resolution required
for the detection of sub-micron tracks and to exploit the LSPRs effect. It is possible
to study the grain size as there is a strong dependence with the different wavelengths
adopted in the plasmon resonance.
The idea is based on the resonance effect occurring when nanometric metal grains
are dispersed in a dielectric medium as the organic gelatin. The resonance frequencies
strongly reflects the shape anisotropy and this represent a powerful method to infer the
presence of non-spherical nanometric silver grains. Spherical particles do not show any
different response as a function of the incident polarization, while a deformed sphere
is sensitive to the polarization. NEWSdm will use this technology to retrieve track
information in NIT emulsions beyond the optical resolution. To reach this level for
nano imaging substantial upgrades of the scanning system have been performed.
One of the most important parameter for a particle tracking detector is spatial
resolution, as already mentioned, useful to determine the kinematic characteristics of
new particles. To record a charged particle track with recent developed NIT technology,
allows to obtain measurements of tracks with a size of less than one micrometer.
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In NIT device, very fine silver crystals are involved as sensors recording as a track
3
a line of silver nano grains. With a density of 10000 crystals/µm [96], they have an
average distance between them of 71 nm [97], corresponding to the intrinsic tracking
resolution. The need for overcoming the intrinsic tracking resolution of the microscope
imaging and track detail reconstruction below the diffraction limit (so-called superresolution), lead to the development of numerous approaches.
The track color changes with the rotation of the polarization axis providing information beyond the optical resolution able to estimate the number of track grains. As
it is difficult to separate two nanorods if the distance is less than the optical resolution,
the acquired images under different linearly monochromatic light appear different in
morphology. The barycenter shift of an optical unsolved nano particle can be useful to
detect the track direction following the barycenter displacement.
The barycenter found in each image is determined from the mean of a Gaussian
fit of the image brightness and position aberration caused by mechanical vibration
corrected via pattern matching.

Figure 2.12: Optical images of nano particles. The image a was taken without polarization filter while the others has a polarized angle of 20°, 60°, 150°. Being not completely
spherical their brightness changes a bit during rotation. Image from [98]
Optical images of nano particles shown in fig. 2.12 were taken before and after
setting the polarizer at different polarization angles of the reflected light. As the shape
of the nano particles is supposed to be almost spherical the response of the optical
microscope doesn’t show any difference with the polarization.
The same process has been carried out for carbon ion tracks of energy of 100 keV
that create, after being implanted, a track with a mean length of 270 nm. Optical
images are acquired both without and with polarizer at different angles (30°, 90°, 130°).
In this case, even though it seems to show a nearly spherical shape in non polarized
image, a change in the morphology of the object is obtained after the rotation of the
polarization.
Analysing the barycenter position, it is clear that it moves linearly and its modulation depends on the polarization angle. A barycenter shift of 170 and 100 nm has been
observed for the up cited samples. The relation between the barycenter movement and
the direction of track grains should occur.
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Figure 2.13: Barycenter distribution along the polarization angle for nano particles.
Image from [98]

Figure 2.14: Optical images for Carbon 100 keV taken both with (a)and without polarization (b, c, d). Image from [98]

2.5. Read-out strategy

Figure 2.15: Barycenter distribution along the polarization angle for carbon tracks.
Image from [98]
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Chapter 3
NIT emulsions analysis with
resonance light effect
The resonant light effect described in the previous chapter represents a powerful approach to analyze nanometric metallic grains in emulsions. NIT emulsions are the
best tracking devices to reconstruct track lengths down to 100 nm and to determine
the kinematics of the corresponding nuclear recoil. The optical microscope is the best
scanning device in terms of speed and reliability. As the signal directionality represents
an unambiguous demonstration of the DM existence and nature, the following approach
is considered to be particularly promising. Nevertheless, the resolution of an optical
microscope is limited by the wavelength of the visible light: innovative technologies
have been developed to make shorter tracks detectable at an optical microscope. We
will describe these technologies in this chapter.

3.1

Scanning process and grain reconstruction

NIT emulsions analysis is performed following a two steps approach: at first, elliptical shape analysis is conducted to discriminate signal-like events from the expected
background, then candidate validation is carried out exploiting the LSPRs effect.
Plasmon analysis therefore allows to study cluster morphology and properties with
the optical telescope assembled in Naples and the usage of different polarization of the
incident light. The emulsion film has been placed under the microscope with the x
and y axis parallel to the emulsion surface. The scanning procedure consists of several
steps:
• the emulsion effective area is divided into elementary parts called fields of view,
each of them with dimensions of 60 µm x 45 µm (where each pixel ∼ 27 nm)
• every view is scanned as a sequence of layers along the emulsion thickness with
a mutual distance of 250 nm
45
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• acquisition of each layer is then made with 8 different polarization angles equally
spaced between 0° and 157.5°

• raw images are then processed with a dedicated image software to reconstruct
and store 2D clusters starting from the cluster with a brightness above the set
threshold

The following analysis process devoted its attention on the characterization of the
grain to be reconstructed from 2D clusters. 3D grain reconstruction is then the first
step followed by the plasmon analysis involving polarization information to conduct
investigation on its properties and shape variation. Reconstructed grains can actually
carry information about the signal-like event.
The grain reconstruction process consists of an iterative and systematic grouping
of 2D clusters. Clusters that are closer than ∼ 300 nm are put together in the so-called
merged cluster in each layer. An algorithm then selects all the merged clusters located
in consecutive layers satisfying the requirements of angular and position acceptance
defined by a truncated cone. This process allows to reconstruct the 3D grain.
The most luminous merged cluster is called best focus cluster set in the correspondent best focus layer, while the polarized clusters in this layer are defined best focus
polarized clusters (BFPCs)

Figure 3.1: Illustration of the grain 3D reconstruction process. Red dots represent 2D
merged clusters while the blue dot is for the best focus cluster. Clusters in different
layers are then composed to reconstruct the 3D grain (green dot). Image from [99]

3.2. Track properties and Carbon ions test beams

(a)

47

(b)

Figure 3.2: Position accuracy for both x and y coordinates

3.2

Track properties and Carbon ions test beams

Signal-like events are characterized by a few hundred nanometers tracks (nano-tracks)
produced by WIMP nuclear recoils in NIT emulsions. Nano-tracks can appear as
isolated grains or as a chain of two or more clusters. Isolated grains consist of either
one peak of luminosity or even two and more. For the first objects we refer to them
as 1Peak while for the others as NPeaks. They can be studied in both cases with
the resonance light effect, applying the plasmon analysis that allows to overcome the
optical microscope resolution. Isolated grains are moreover identified by the best focus
polarized cluster that become the subject of the analysis to be investigated with the
polarized light.
Multiple clusters grains represent object already resolved by the microscope as their
distance overcome the optical resolution. These objects are called microtracks.
In order to test the signal efficiency of the NIT emulsions in the reconstruction
of the nuclear recoils induced by WIMPs, films with a thickness of 1 µm have been
implanted with low energy Carbon ions considered to produce a good simulation for the
signal-like tracks. Analyzed samples consists of emulsions exposed to Carbon beams
with energies of 100, 60, 30 keV, implanted with an inclination of ∼ 10° with respect
to the emulsion surface.

3.3

Position Accuracy

In order to evaluate the position accuracy achieved by the optical microscope, it is
necessary to set a threshold for the displacement of the barycenter. For this purpose,
the NIT emulsion film exposed vertically to the Carbon ions beam of 30 keV acts as a
reference. Due to the low energy, a flat distributions of the nuclear recoils is expected
and a small fluctuation of the barycenter is attended because of their spherical shape.
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The threshold value achieved in this way can therefore be used for the candidate
selection with the plasmon analysis. The position accuracy for each coordinate can be
defined as the standard deviation from the best focus cluster coordinate xbf c (ybf c ) of the
coordinate xa (ya ). Fig. 3.2 shows the accuracy obtained for the x and y coordinates,
whose values are ∼ 11 nm for both coordinates respectively. The definition of the
threshold is reported to be as follows:
√

∆thr = 3σxy = 3 (σx )2 + (σy )2 ≈ 47nm

(3.3.1)

Only clusters with a barycenter shift larger than the above set threshold can be therefore considered as signal-like events.

3.4

Shape Analysis

A preliminary discrimination between background and signal-like events can be made
with the Shape Analysis. Because of their elliptical shape, isolated grains can actually
be studied with a bidimensional gaussian distribution fit. Parameters obtained by
the fit as the minor and major axes played an important role in the definition of the
ellipticity and the direction of all the grains. For Carbon ions samples of 100,60,30
keV the 2D angular distribution, reported in fig. 3.3, shows a peak populated mostly
by events made of one grain. The distribution has been fitted with a combination of a
gaussian distribution and a constant.
Carbon beam with low energy level affects the reconstruction capability of the
elliptical shape and consequently even the directionality of the beam. As can be seen
from the plots, the incoming direction can be well reconstructed for 100 keV sample
while it is more challenging for the 60 and 30 keV samples. In the first case it is
possible to evaluate the fraction of directional events over the total number of events
which defines the efficiency as follows:
=

Ngaus
Ngaus + Nbkg

(3.4.1)

where Ngaus and Nbkg represent the number of events with a direction and the events
randomly distributed. The efficiency is 24,3 ± 0.5 % for 100 keV.

3.5

Plasmon Analysis

Resonance light effect allows to explore the change in the morphology of the nanotracks, highlighting composed structures made of two or more grains beyond the optical
limit. Taking into account the best focus polarized clusters makes it possible to evaluate

3.5. Plasmon Analysis
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(a) 100 keV

(b) 60 keV

(c) 30 keV

Figure 3.3: Angular distribution for Carbon ions samples with energy of 100,60,30 keV
after the shape analysis. A gaussian plus a constant has been used to fit the distribution
for the 100 keV. In the case of 60 and 30 keV the energy is not sufficient to recognize
the direction of signal events over the background.
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the position of the barycenter of each polarized cluster for different polarization angles.
The displacement of the barycenter is a key element in the classification of the events.
Spherical clusters that are not moving with different polarization show a barycenter
shift within the above mentioned accuracy and are called static grains. On the other
hand, elliptical clusters events display a significant displacement of the barycenter
through different polarization, and therefore they are hereafter named dynamic grains.

Figure 3.4: Static grain. The first eight images represent how the BFPC appear under
each of the eight different polarization. The cross on the cluster indicates the major
and the minor axes of the bidimensional gaussian fit. The blue dot in the middle
identifies the barycenter and its shift amongst different polarizations. The last image
of the cluster is the sum over all polarization.The x-y coordinates are in pixel units.
Fig. 3.4 and fig. 3.5 show eight images of the BFPCs and the merged images for
two isolated grains. The first image represents a static grain while the second one a
dynamic grain. The x and y coordinates in the reference system adopted are in pixel
size units.The barycenter position for each cluster is represented by a blue dot, while
the black-white cross indicates the two axis of the ellipse defined by the variances
calculated with a bidimensional gaussian fitting of the clusters.
It has been necessary to define new variables to explain better the process: Npol
is the number of polarization angles corresponding to the number of BFPCs and it
ranges from 1 to 8; α is the angle for each polarization; ∆s is the maximum difference
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Figure 3.5: Dynamic grain. The first eight images represent how the BFPC appear
under each of the eight different polarization. The cross on the cluster indicates the
major and the minor axes of the bidimensional gaussian fit. The blue dot in the middle
identifies the barycenter and its shift amongst different polarizations. The last image
of the cluster is the sum over all polarization. The x-y coordinates are in pixel units.
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(a) Static Grain

(b) Dynamic Grain

Figure 3.6: Barycenter displacements for two different type of isolated grains
between two BFPCs calculated as the mutual difference amongst all the clusters; φ is
the angle defined by the barycenter displacement of the BFPCs intended as the track
direction in the x y plane.
Fig. 3.6 shows the barycenter displacement for a static grain and for a dynamic
grain. Background-like grains show a circular movement of the barycenter within 20
nm (see Fig. 3.6) while for the signal-like grain (see Fig. 3.6) the displacement of
the barycenter occurs in a preferred direction with a maximum distance between α =
45° and α = 157.5° corresponding to ∆s = 92 nm and φ ∼ 156°. The identification of
micro-tracks with lengths very close to the optical resolution limit ( ∼ 200 nm) result
then well solved with plasmon analysis.
The track length distribution for each sample appears dominated by nanotracks
as they represent the main fraction of the dataset. Increasing the Carbon ion beam
energy, the fraction of dynamic grains with a response to the resonant effect of the
polarized light is higher. The barycenter displacement, reported in fig. 3.7 for the
three samples of Carbon ions, is expected to increase with the energy, as seen for 100
keV sample. The mean value for the barycenter shift is 39.21 nm for 30 keV, 37.81 nm
for 60 keV and 45.48 nm for 100 keV samples.
The angular distribution (fig 3.9) obtained by the direction of barycenter displacement shows a clear peak in the direction of the incoming Carbon ions for dynamic
grains. To better discriminate signal-like events a new variable ∆φ can be introduced.
It is defined as the mean value of the mutual differences of angles for clusters belonging
to different polarization. It is useful to distinguish between rotating grains and grains
that translate as the first ones show smaller values of ∆φ compared to the second. The
relation between ∆φ and φ that highlights the existence of two populations of grains is
reported in fig. 3.8.
Fiduciary cuts for both barycenter shift and ∆φ have been made to highlight best
the directionality of the track signal over the isotropic background. Static grains, on the
contrary, display a flat angular distribution. For dynamic grains that show a barycenter
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(a)

(b)

(c)

Figure 3.7: Barycenter displacements for different Carbon ion beams of 100, 60 and 30
keV
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(a) 30 keV

(b) 60 keV

(c) 100 keV

Figure 3.8: The scatter plots show the relation between ∆φ and φ for isolated grains in
the Carbon sample of 100, 60, 30 keV. Both populations of static and dynamic grains
are clearly visible for the most energetic sample. Therefore, to evidence the directional
signal a fiduciary cut at 0.7 rad has been made.
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displacement larger than 47 nm and an average value of the angle ∆φ defined by the
direction of barycenter shift lower than 0.7 rad, the signal efficiency can be calculated
as follows:
Ndynamic
=
(3.5.1)
Ntot
where Ndynamic is the fraction of dynamic grains while Ntot the number of total events.
Signal-like events represented by dynamic grains show a signal efficiency of (50.59 ±
0.03) % and of (8.82 ± 0.02) % for Carbon samples of 100 keV and 60 keV respectively.
It is therefore evident that plasmon analysis allows to discriminate signal-like events
even for 60 keV samples albeit with a lower efficiency compared to 100 keV samples.
Furthermore, for the most energetic Carbon ions samples plasmon analysis results to
be more efficient respect to the shape analysis.
NPeaks When exposed to polarized light some clusters shows two or more peaks
of luminosity and they are called NPeaks. In case of tracks longer than 350 nm (the
so-called microtracks), the polarized light is not required for the reconstruction as the
maximum distance overcomes the optical resolution limit.
NPeaks consist of clusters that belong to the same frame. It is possible to calculate
the maximum distance between two or more peaks taking into account the difference
in each polarization. Furthermore, the orientation of the maximum distance between
peaks can be obtained as well being helpful in the discrimination of the signal directionality. The fraction of NPeaks decreases when Carbon ions have low energies.
The distribution of the maximum distance for NPeaks events with two peaks of
luminosity shows two main peaks. Studying the angular distribution of the signal,
it appears to be directional but only investigating the correlation between the two
variables, the angle and the distance, it is clear that only the first peaks brings directionality information. The second peak therefore can be explained as dominated by
the chance coincidences due to the high density of Carbon ions. For each samples the
relation between track length and the φ angle is reported in fig. 3.10.
Noteworthy is the case of NPeaks object with only two peaks of luminosity. Looking
at the distribution of the number of pixels in each cluster ( fig. 3.11) two visible and
separate peaks indicate the presence of two components that can be seen as a difference
in luminosity (asymmetry).
This evidence describes objects made of a larger cluster and a smaller one due
to the diffraction disk and do not represent signal-like events. Actually the angular
distribution calculated from the segment of the distance between the two peaks does
not show any directionality (fig. 3.11).
Anyway it is possible to treat the bigger grain as an isolated grain so, applying
the plasmon analysis to it and measuring the barycenter shift, there is the evidence
of a small component of dynamic grains. The angular distribution of this component
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(a) 100 keV

(b) 100 keV

(c) 60 keV

(d) 60 keV

(e) 30 keV

(f) 30 keV

Figure 3.9: Pictures on the left show the angular distributions for different Carbon
ion beams of 100, 60 and 30 keV. Red plots stand for dynamic grains while the blue
ones stand for static grains. Fiduciary cuts has been made for barycenter shift and the
average value of the angle φ. On the right, scatter plots represent the relation between
barycenter shift and angle value showing a stronger directionality signal for the dynamic
grains of the 100 and 60 keV samples.
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(a) 100 keV

(b) 100 keV

(c) 60 keV

(d) 60 keV

(e) 30 keV

(f) 30 keV

Figure 3.10: Pictures on the left show the maximum distance distributions for different
Carbon ion beams of 100, 60 and 30 keV. On the right, scatter plots represent the
relation between maximum difference and angle value showing a stronger directionality
signal for the dynamic grains of the 100 and 60 keV samples.
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(a) 100 keV

(b) 100 keV

(c) 60 keV

(d) 60 keV

(e) 30 keV

(f) 30 keV

Figure 3.11: Pictures on the left show the number of pixels distributions for different
Carbon ion beams of 100, 60 and 30 keV. Blue and red lines represent the distribution of
the number of pixels respectively of the smaller and bigger clusters. On the right there
are plots for the angular distribution calculated from the maximum distance between
clusters. No directionality is expected.
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(a)

(b)

(c)

Figure 3.12: Angular distribution for higher luminosity objects in NPeaks treated as
isolated grain for different Carbon ion beams of 100, 60 and 30 keV
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is shown in fig. 3.12. The presence of a small fraction of signal-like events allows to
include this class of events in the isolated grains studied as 1Peak objects.

Chapter 4
Brave the new world of Big Data:
Artificial Intelligence
In a world where a huge flow of data is generated on a daily basis, it is of fundamental
importance to develop new ways to draw actionable insights out of it, beyond the
means of standard analytical methods.
Machine Learning will turn out to be a powerful tool opening the way to new
possibilities and becoming indispensable to our daily lives. In many applications and
complex situations, where it is important to be able to recognize the signal in the noise,
Machine Learning will actually play a fundamental role. In the following sections a
deep insight in the topic is presented.[100] [101] [102]

4.1

Artificial Intelligence and Machine Learning

Artificial Intelligence The birth of the new field of Artificial Intelligence can be
set in the middle of the 20th century, when some computer science pioneers started
exploring the intellectual tasks automation.
For a fairly long time, a leading approach to the problem involved a bunch of
hardcoded rules, crafted by programmers, based on the idea that a set of explicit
rules comprehensive enough could be sufficient to manipulate knowledge. This highly
popular approach became the dominant paradigm in AI for almost thirty years until
1980s.
It is known as symbolic AI and even though it proved to be suitable for logical
problems, on the other hand it seemed to be inapplicable to more complex problems
such as image classification and speech recognition.
This lead to the development of a new sub-field, the Machine Learning, that quickly
took place enriching the world of Artificial Intelligence ( fig. 4.1).
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Figure 4.1: Artificial Intelligence and its sub-fields. Image from [103]
Machine Learning A turning point was set by Alan Turing in his 1950 work "Computing Machinery and Intelligence" ([104]), where the scientist introduced the Turing
test and pondered whether general purpose computers could be able to learn and think
in an original way.
Machine Learning actually arises from the idea that computers can go beyond the
rules and learn on their own about a specific task. This lead to question if it could be
possible for a machine to learn about the rules by simply looking at the given data.
In the view of classical programming this turned out to be a new paradigm far from
the symbolic AI where humans set the rules and the data to be processed to receive
answers.
In the new framework, the input for the Machine Learning are expected answers
along with the data, in order to train rather than program the system to produce
general rules to be applied to new data (4.2).
Machine Learning quickly began the most popular AI sub-field in the 1990s thanks
to the availability of faster hardware and large datasets.
Machine Learning algorithms require, apart from input data and examples of the
expected outputs, even a method to test whether the algorithm is doing a good job.
A feedback signal is therefore necessary to determine the distance between the current
output and its expected one in order to adjust how the algorithm works. This core
process represents the so-called learning loop and can be described as an automatic
search process to find better representations.
The central problem is to transform the input data into meaningful outputs learning
useful representations of the input to get closer to the expected output. The art of
making predictions thanks to self-learning algorithms, with the knowledge gained from
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Figure 4.2: Machine Learning vs. Classical Programming
data, improved the performance of predicted models leading to build models capable
of analyzing large amount of data and make data-driven decisions.
Three different types of Machine Learning can be applied to solve problems: supervised learning, unsupervised learning and reinforcement learning (fig. 4.3).

Figure 4.3: Machine Learning and its sub.fields. Image from [105]
In supervised learning the input data set consists in samples where the desired
outputs (class labels) are already known. The main goal of the algorithm in this case is
to learn a model from the labelled data (training set) useful to make predictions about
unseen future data.
Examples of this method are classification and regression. In a classification problem the main purpose is to predict the categorical class labels (a discrete set of values)
of new instances taking into account past observations. In other words, the task of clas-
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(a)

(b)

Figure 4.4: Binary classification and linear Regression with continuous variables. Image from [101]
sification consists in assigning categorical labels to instances. Considering a problem
of multi-class classification as handwritten character recognition could be, the number
of classes can vary.
Regression analysis represents the second type of supervised learning and regards
the prediction of continuous outcomes. To pursue this task, a number of predictor
variables and a continuous response variable (outcome) have to be given to find a
relationship between them and make a prediction.
To solve interactive problems another type of Machine Learning is required. Reinforcement Learning is based on the interactions with the environment in order to
develop a system capable of improving its performance. To test its performances, a
reward signal is needed to update the current state of the environment in the form of
a measure of how well the action is calculated by a proper function. The system (also
known as agent) can explore a series of actions and learn by them with a trial-and-errorapproach.
The last type deals with the case that the right answer isn’t known beforehand as it
is in the supervised learning. In the frame of unsupervised learning, the starting point
to build model are unlabelled or with an unknown structure data. The goal resides
in the ability to explore the structure of the data to extract meaningful information
without the proper guidance of an outcome variable neither of a reward function.
A powerful technique to investigate this kind of dataset is through clustering. This
data analysis technique allows to organize huge amount of information into meaningful
and structured groups (clusters).
Objects that share a certain degree of similarity are grouped in the same cluster.
Therefore clustering represent the best Machine Learning technique to perform on
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"unsupervised" information in order to derive meaningful relationships among input
data.

Figure 4.5: Clustering Analysis. Image from [101]
Dimensionality reduction is another sub-field of Machine Learning. Dealing with
high dimensionality data can be challenging sometimes, because of limited storage
space. For this reason, removing noise from data through reduction is a common
approach in data pre-processing that allows even to keep most of the significant data
information compressed onto a smaller dimensional space.

4.2

Deep Learning

Another sub-field of Machine Learning and Artificial Intelligence, is called Deep Learning and has a focus on the learning representation process. Several algorithms have
been developed to learn meaningful representations from data with an increased number (depth) of successive layers (this is what the word deep stands for).
In deep learning this representations are learnt through consecutive layers stacked
on top of each other to form structures known as neural networks. Central concepts
in deep learning have been drawn upon our knowledge of the brain, although there
is no evidence that the brain implements anything like the learning algorithm of such
models. Brain mechanisms are just inspirational for the building of Deep Learning
algorithms.
A deep network can be depicted as a multistage operation where information passes
through different and successive filters coming out improved and purified. It turns out
to be a simple mechanism to learn data representations.
While Machine Learning main goal is to map inputs to targets observing many
examples, in Deep Learning this task is performed via a deep sequence of simple data
transformation (layers).
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The data transformation implemented by a single layer is parameterized by its
weights that are numbers initially set to small random values. Finding a set of values
for the weights of all layers to let the network correctly map examples inputs to the
corresponding targets, is the main part of the learning process.

Figure 4.6: Schematics about how a Deep Learning network works. Image from [100]
Monitoring the values of parameters could be a daunting task as a deep neural
network contains tens of millions of parameters and so do finding the correct value as
each of them could affect the behaviour of the others.
In this context, to control the output of a networks, it is important to measure
how far the output is from the expected one. This is what the loss function does. It
takes the value of the prediction for the class label and compares it to the true target
computing a distance loss score useful to monitor how the network is working (fig. 4.6).
Treating this score as a feedback signal is fundamental to adjust the value of the
weights in a direction that will lower the loss score. This job is accomplished by the use
of an optimizer, which implements an algorithm of Backpropagation: the core in Deep
Learning models. As the weights are initially assigned to random values, the network
performs a series of random transformation that lead to outputs far from the desired
values as the loss score is very high as well.
After some iterations, the weights are adjusted a little in the correct direction
decreasing the value of the loss score. In this training loop the corrected weight values
contribute to minimize the loss function. A network performs well when the outputs
are close to the true targets with the result of a minimal loss.
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4.3

Convolutional Neural Networks

Apart from being capable of producing better performances on many problems, Deep
Learning also makes easier and completely automated the crucial step of feature engineering in a machine-learning workflow.
Previous techniques usually transform data input into one or two representation
spaces but in case of more complex problems the initial input layers need to be processed
manually to become more amenable.

Figure 4.7: Schematics about how a convolutional neural network works. Image from
[106]
In Deep Learning this step has been made completely automated by simplifying
machine-learning workflow in a simple Deep Learning model. More than that, a model
in Deep Learning is allowed to learn all layers of representation together at the same
time rather than in a succession. Reducing the supervision task to the single feedback
signal is much more powerful because complex representations can easily be learnt by
breaking them into series of intermediate layers subject to a simple transformation.
In the framework of AI revolution, neural networks introduce important properties:
• Simplicity that resides in the replacing complex pipelines with end-to-end trainable models built using just a few tensor operations
• Scalability as models can be trained in parallel on GPUs and by iterating over
small batches of data of arbitrary size
• Versatility Deep Learning models can be trained on additional data without
almost no changes
One of the most popular categories of neural networks are convolutional neural
networks (CNNs) especially for high dimensional data like images and videos.

67

68

4. Brave the new world of Big Data: Artificial Intelligence
The Neocognitron was the first model of CNN proposed by Kunihiko Fukushima
[107], consisting of multiple layers designed to learn automatically features for pattern
recognition.
CNNs are useful models suitable for both supervised and unsupervised learning as
they learn to map a given image to its corresponding category by detecting abstract
discriminative feature representations to predict the correct category of the input image.
The way a CNN operates is very similar to a classical neural network albeit with a
key difference. A CNN architecture is composed of several basic building blocks useful
to implement basic tasks such as normalization, pooling, convolution, fully connected
layers. A convolutional layer is the most important component of a CNN.

Figure 4.8: Schematics about how convolution layer works. Image from [108]
The data transformation performed by each layer is the result of a convolution
between the input and a multi dimensional filter, an essential requirement when the
goal is to learn patterns in complex input data.
CNNs filters, also known as kernels are grids of discrete numbers. They have a
smaller spatial shape and use parameters sharing to significantly reduce the number of
lernable variables and generate an output feature map. A convolution layer actually
multiplies the filter with a highlighted patch of the input feature map and sums up all
values to generate one value in the output feature map. The step of this convolution
operation is called stride of the convolution filter. Using a bigger stride produces a
smaller feature map as a consequent of this sub-sampling operation, this reduction
provides invariance to scale and position of the object to detect.
The corresponding size of the feature map is calculated as follows
size =

input_size − kernel_size + 2 × padding
+1
stride

(4.3.1)

As in some case the spatial resolution is required to be kept constant or larger, the
new variable of padding has been introduced.
In valid padding the size of the input feature map is reduced while in same padding

4.3. Convolutional Neural Networks
input and output feature maps have the "same" sizes.
Other parameters of the convolution layer which need to be set by the user are called
hyper-parameters. These hyper-parameters can be interpreted as the design choices
of the network architecture. In this category the size of the filters, stride, padding,
number of hidden layers, type of activation function can be enumerated.
Pooling layers operate on blocks of the input feature map and combines feature
activations through a max or average function. In the first case, the maximum values
of activation is chosen from the selected block of values and slides across the input
map with a step defined by a stride. In the second case, the value of activation is the
average. For both configurations the pooling operation down-samples the input feature
map obtaining a compact reduced feature representation.

Figure 4.9: Schematics about how pooling layers work. Image from [109]
Layers in a CNN are often followed by a non linear activation function that works
as a selection mechanism. The Rectified Linear Unit (RELU) is the most commonly
used activation function in deep learning models. This function returns 0 if it receives
any negative input, but for any positive value x it returns that value back. So it can
be written as f (x) = max(0, x). The application of a RELU function is important as
it allows a neural network to learn non linear mapping.

Figure 4.10: RELU function
Last components of a CNN are fully connected layers. These Layers form the last
few layers in the network. The input to the fully connected layer is the output from
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the final pooling or convolutional layer, which is flattened and then fed into the fully
connected layer. They correspond to convolutional layers where the filter size is equal
to 1x1. Each element of such layers is densely connected to all the elements of the
previous one.
In conclusion, even though it requires time for AI to be deployed to the full extent of
its true potential, the world transformation in a long-term vision is a process that will
make up our society and our daily lives helping humanity move forward and assisting
scientists in new breakthrough discoveries.
In the next chapter, Deep Learning has been applied to study Dark Matter directionality signal.

Chapter 5
A Machine Learning approach to
study directionality
Powerful tools such as Machine Learning techniques can play an important role in the
study of directionality.
Combining color images acquisition with the LSPR analysis can make it possible
to discriminate also the direction, on top of the orientation of the incoming beam.
Therefore, this information can help the Dark Matter search to detect an unambiguous
signal which would reveal also the galactic origin of Dark Matter. Since the main
background sources produce an isotropic background, the detection of a peaked signal
in the direction of the Cygnus constellation represents then a proof of the Dark Matter
and offers the possibility to overcome the sensitivity limit imposed by the neutrino
floor.

5.1

Color Analysis

NIT is a super fine-grained emulsion that is developed to detect sub-micron charged
particle tracks. As stated before, NIT consists of AgBr crystals dispersed in gelatin that
can record the track of the particle. While excited electrons induced by the charged
particle are captured in traps, the silver grains grow to a visible size for the microscope thanks to chemical processes. It is expected that number and the dimensions of
developed grains correlate with the local ionization produced by the incoming charged
particle.
It is possible to observe the structure of these grains with the LSPR effect. The
resonant wavelength depends on the shape and the size of the observed object. When
spherical nanoparticles are observed with a color camera using a halogen lamp as a
white-LED illumination source, each resonant wavelength appears in a different color:
blue, green and red showing the correlation between the larger size and the longer
wavelength.
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On the other hand, when it comes to analyze grains of tracks produced by carbon
ions, different colors of reflection can be observed. The grains of 100 keV carbon ions
tracks are expected to be made of a variety of structures and sizes. Each grain is
therefore represented by its own shape. The track color changes with the rotation of
the polarization angle showing drastic color variations that are associated with grain
shape and size. It is also possible to estimate the number of track-grains, an information
that goes beyond the optical resolution. Non spherical shape nanoparticles (nanorods)
show a dependence on the polarization and a LSPR response. Resonance peaks appear
at different wavelengths λ1 and λ2 when the polarization axis is parallel to the minor
and the major axes and it is impossible to recognize two separate nanorods when they
are illuminated with non polarized light because their length is shorter than the optical
resolution. Thanks to the linearly polarized light it is possible to see a change in the
morphology and with the color camera to discriminate even the direction of the track.
In the so-called head-tail detection, actually, it is crucial to study the passage from the
region with low ionization to the one with an high ionization. The color gradient keeps
the information required to determine the direction of the incoming beam.

5.2

Image data acquisition

Color analysis is based on the study of RGB images obtained from the scanning process
of the emulsion film sample with the color microscope (fig. 5.1b).
The optical system of the color microscope is the same described for the superresolution microscope in Chapter 2. The upgraded epi-illumination system for superresolution allows not only to increase the light output and the contrast but also gives
the possibility to measure the wavelength of the LSPR using white light illumination
instead of a monochromatic source. This latter modification actually enables to measure the size of the silver grains and to perform the head-tail discrimination. As the
super-resolution uses very small fields of view, it requires a new illumination scheme
named critical illumination. Light from the source is focused on the specimen plane
through a condenser lens and then projected on the specimen and in the retina or in the
sensor of the camera. The monochromatic camera has been replaced with Mikrotron
EoSens 4CXP MC-4087 (4Mp). It has the same sensor as the monochromatic camera
and a Bayer Pattern filter. Since the camera sensor is sensitive only to the intensity of
the incoming light, a color reconstruction algorithm, the so-called demosaicing process,
has been implemented in LASSO. Image results to be composed by pixels with only
one wavelength light for each one. To convert an image from the bayer format to the
RGB format, it is needed to interpolate the two missing color values in each pixel.
Carbon ions beam with an energy of 100 keV have been implanted with an inclination of 10° to the surface of the emulsion. They produced nanotracks. Studying
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(a)
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(b)

Figure 5.1: Emulsion film samples and color microscope in Naples.
the color gradient of grains along the tracks can help to reconstruct the direction of
the incident beam. The scanning procedure has been repeated by rotating the sample
(shown in fig. 5.1) under the microscope and performing an additional acquisition.
For each configuration a complete scanning has been processed. In this way, more
images were collected for each acquisition angle. The total number of classes is 8. The
rotation angles classes are: 0°, 45°, 90°, 135°, 180°, 270°, 225°, 315°. A portion of the
entire emulsion has been selected for the scanning process and some markers have been
located to select the same area even under rotation of the sample. The scanned area
2
is almost the same for each rotation, equal to 3x3 mm .

5.3

A CNN to classify color images

Convolutional neural networks represent the best solution for challenging image classification problems. Thanks to two very simple elements, namely convolutional layers
and pooling layers it is possible to arrange them in near-infinite ways to find the best
design for a given problem. Studying existing architectural design developed for image
classification tasks can provide an idea about how to use these designs in pre-trained
model or to design different deep convolutional neural network models. The classification of different color images was attempted by using Alexnet for the study of the
directionality of signal grains as a good starting point in the framework of convolutional networks. AlexNet has been implemented using Keras [110] and Tensorflow [111]
library. AlexNet is a deep learning model proposed by Alex Krizhevsky as his research
work [112]. Alex Krizhevsky competed in the ImageNet Large Scale Visual Recognition
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Challenge (ILSVRC2012) back in the year 2012 where he used the AlexNet model and
achieved an accuracy of 84,7% and a top-5 error of 15.3%.
The AlexNet architecture consists of eight layers. The model has five convolutional
layers for the feature extraction part and three fully connected layers for the classifier
part of the model. Some of the convolutional layers are followed by max-pooling layers.
As an activation function, the ReLU function is used by the network as it shows
improved performance over sigmoid and tanh functions. It takes an input and returns
as output either the same value or zero in case the input value is negative. This can
be represented as:
frelu (x) = max(0, x)
(5.3.1)

Figure 5.2: Alexnet architecture
Input images were fixed to the size 227×227 with three color channels. The number
of filters used in each convolutional layer follows the pattern of increasing the number
of filters with depth: 96, 256, 384, 384, and 256. Similarly, the pattern of decreasing
the size of the filter (kernel) with depth was used, starting from the smaller size of
11×11 and decreasing to 5×5, and then to 3×3 in the deeper layers.
A pattern of a convolutional layer followed by a pooling layer was used for the first
two and the last layers for the feature detection part of the model. Max pooling layers
downsample the input representation by taking the maximum value over the matrix
defined by pool size for each dimension along the features axis. After the second
convolutional layer, a pattern of convolutional layer immediately followed by a second
convolutional layer was used. After the block of convolutional layers there is a flatten
layer necessary to rearrange the three dimensional data, output of the last pooling
layer, in a one dimensional vector since the next fully connected layers only accept
one dimensional vector of numbers. To prevent overfitting, a dropout layer, with a
frequency rate of 0.5, is added between the two fully connected layers. It randomly
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removes some neurons, setting them to zero, at each step during training session. This
model uses Adam [113] as an optimizer and categorical crossentropy as loss function.
Categorical crossentropy function is expressed by the following formula:
N

− ∑ yi logy i

(5.3.2)

i=1

where yi are the prediction for the class labels and y i are the true target class
labels. The final fully connected layer feeds into a softmax classifier with 1000 classes
and shows as output vector the probabilities for each class. As this image classification

Figure 5.3: Modified CNN used for the classification problem
problem involves smaller images and less classes the networks’s architecture has been
reduced to increase the performances of the classifier. The new proposed model is made
of three convolutional layers, the first and the third followed by a max pooling layer,
and three fully connected layers in the final part with 128 neurons each. A schematic
representation of the CNN modified model is reported in fig. 5.3.
Dataset The input of the CNN consists of RGB images acquired with the color
microscope. Approximately three hundred thousand images have been acquired for
each class as reported in tab. 5.4 for a total number of more than 1 million images.
The dimension of every image is 96 x 96 pixels. To increase the purity of the dataset a
pre-treatment procedure was carried out to remove images with features not relevant
for the reported color analysis. In this way, the selection of images containing only one
grain allows to keep only the images where the color information is maximum. Then, a
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Figure 5.4: Classes of images
matching algorithm was used to select only images present in all classes. The matching
process includes two steps:
• global alignment that consists of the alignment of the grain tail to find configurations that match together
• local alignment that involves all the grain peaks in the alignment process to refine
the selection of matching images with higher precision
In this way, it is guaranteed that the grains present in rotated images are the same.
A pre-processing procedure was required to generate images where the discriminant
features are more evident. After the extractions of matched images, the latter were
cropped to the 36x36 pixels to enhance the discriminating features, as the majority of
the information is concentrated in the central part, where the bright spot is and the
cut portion does not keep any relevant information. Then, the contrast of the image
was increased to let the color feature emerge out of the background more evidently.
Image dataset has been split in 80% as the sample of training and the 20% for the test.

5.4

Results

First training runs, with the Convolutional Neural Network described, have been made
choosing only two orthogonal classes 0° and 90°. In this way it was easier to test
the performance of the network and to tune the parameters for the model in order to
achieve the best results in further trainings. After the process of matching selection
that allows to choose only images present in both classes and with a single grain in
therein, the number of images per class is reduced to 62 443. Parameters considered
for this tuning process were the number of images from the datasets, batch size and
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(a) 180° class

(b) 180° class

(c) 90° class

(d) 90° class

(e) 0° class

(f) 0° class

Figure 5.5: Examples of dataset images cropped to 36x36 pixels and with the application
of contrast. Each column represent a different grain whose image has been acquired by
rotating the emulsion of the given angle.
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(a) Accuracy plot

(b) Loss plot

Figure 5.6: The plots show the level of accuracy and loss for both training (blue line)
and validation (red line) set over a training time of 100 epochs. Classes trained: 0°,
90°
dropout. The number of images has been constantly increased from one thousand to
thirty thousand in order to evaluate the improvements on the training. Images have
been randomly picked from the total number of images acquired and stored in the
datasets. Batch sizes of 16, 32 and 128 have been tested and 32 resulted to be the best
option. Amongst dropout levels of 0.3, 0.4, 0.5, 0.6 the best value of 0.4 has been set.
The performance of the network can be estimated plotting (see fig. 5.6) the accuracy level and the loss for both training and validation set. Accuracy is defined as the
percentage of images correctly classified over the total number of images. The number
of epochs has been kept fixed at 100 as the level of accuracy and loss was converging
before remaining stable for the rest of the training. The network evaluated on the
training set converges after about 60 epochs, while the level of the accuracy for the
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network evaluated on the validation set remains stable in time to the value of 80%.
Analyzing the trend of the loss, it is evident the divergence existing between the validation loss, increasing in time, and the training loss that smoothly reaches low levels over
100 epochs. These are clearly signs of overfitting that occurs when the model fits too
well to the training set. It then becomes more difficult for the model to generalize to
new examples that are not in the training set. Techniques to reduce and prevent overfitting have already been adopted before the training increasing the number of images
in the dataset, changing the learning rate and introducing regularization of R = 1e − 6,
reducing the numbers of layers in the original architecture.
In the next step, in order to evaluate the performance of the model, the Convolutional Neural Network has been trained on two classes, 0° and 180°, sharing the same
orientation in space but representing two different directions of the incoming beam.
The discrimination power of the network on this problem is crucial to understand if
the color gradient could play a leading role between all the features in the classification
of the images belonging to different classes.
In this case, the matching algorithm combined with the one grain selection reduced
the number of images in the dataset to 148 802 per class. The results are reported in
fig. 5.7. As it can be seen from the plots, the validation accuracy reaches the level
of 65% remaining stable, while the training accuracy converges to higher values. The
overfitting problem can still be observed in the diverging trend of loss levels.
Then a dataset made of three classes has been generated taking images from class
0°, 90°, 180° selected by the matching algorithm and containing just one grain as in
the previous cases. The number of images collected for each class is 48 182. The plots
for the accuracy and for the loss are reported in fig. 5.8. The accuracy level reached
by the validation set during the training is 73%.
To further evaluate the performance of the model there are two tools that can be
helpful: classification report and the confusion matrix.
The confusion matrix is an N x N table (where N is the number of classes) that
contains the number of correct and incorrect predictions of the classification model.
The rows of the matrix represent the real classes, while the columns represent the
predicted classes. The values returned by the confusion matrix are divided into the
following categories:
• True Positive (TP): The model predicted positive, and the real value is positive.
• True Negative (TN): The model predicted negative, and the real value is negative.
• False Positive (FP): The model predicted positive, but the real value is negative
(Type I error).
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(a) Accuracy plot

(b) Loss plot

Figure 5.7: The plots show the level of accuracy and loss for both training (blue line)
and validation (red line) set over a training time of 100 epochs. Classes trained: 0°,
180°.
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(a) Accuracy plot

(b) Loss plot

Figure 5.8: The plots show the level of accuracy and loss for both training (blue line)
and validation (red line) set over a training time of 100 epochs. Classes trained: 0°,
90°, 180°
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(a) 0° - 90°

(b) 0° - 180°

(c) 0° - 90° - 180°

Figure 5.9: Confusion Matrices for 0° - 90°, 0°, 180° and for 0° - 90° - 180°. Rows
indicate the real classes and columns the predicted classes. Values on the diagonal
represent the events correctly classified.
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0° - 90°
Total Prediction
Correct Predictions
Incorrect predictions

12 000
9318
2682

Table 5.1: Table shows the number of correct and incorrect predictions on the class
labels for classes 0° - 90°
0° - 180°
Total Prediction
Correct Predictions
Incorrect predictions

12 000
7951
4053

Table 5.2: Table shows the number of correct and incorrect predictions on the class
labels for classes 0° - 180°
0° - 90° - 180°
Total Prediction
Correct Predictions
Incorrect predictions

18 000
13 175
4 805

Table 5.3: Table shows the number of correct and incorrect predictions on the class
labels for classes 0° -90° - 180°
• False Negative (FN): The model predicted negative, but the real value is positive (Type II error).
The confusion matrices for 0°-90°, 0° - 90° -180° and 0°-180° classification problems
are reported in fig. 5.9. The diagonal contains the observations correctly predicted
evaluating our model using the data of the confusion matrices.
The classification report shows the main classification metrics that can give a deeper
intuition of the classifier behavior. It is usually used to measure the quality of predictions from a classification algorithm. The classification report visualizer displays the
precision, recall, F1, and support scores for the model:
• Precision can be seen as a measure of a classifier’s exactness. For each class, it
is defined as the ratio of true positives and the sum of true and false positives.
• Recall is a measure of the classifier’s completeness; the ability of a classifier to
correctly find all positive instances. For each class, it is defined as the ratio of
true positives to the sum of true positives and false negatives.
• F1 score is a weighted mean of precision and recall such that the best score is
1.0 and the worst is 0.0. Generally, F1 scores are lower than accuracy measures.
• Support is the number of actual occurrences of the class in the specified dataset.
Imbalanced support in the training data may indicate structural weaknesses.
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Class
0
1

Precision
0.80
0.75

Recall
0.73
0.82

F1 Score
0.76
0.79

Support
5978
6022

Table 5.4: Table shows the classification report for classes 0° - 90°
Class
0
1

Precision
0.65
0.68

Recall
0.71
0.62

F1 Score
0.68
0.65

Support
5978
6022

Table 5.5: Table shows the classification report for classes 0° - 180°
Class
0
1
2

Precision
0.69
0.77
0.74

Recall
0.68
0.80
0.72

F1 Score
0.68
0.78
0.73

Support
5890
6092
6018

Table 5.6: Table shows the classification report for classes 0° - 90° - 180°
As it should be, from the Support values the dataset results to be balanced.
The result achieved training the network on two orthogonal classes 0° and 90° can
be considered satisfying if compared to the accuracy reached by Alexnet. The network
shows good sensitivity in the discrimination of the orientation of nanotracks.
On the other hand, it is noteworthy considering that the network is able to classify
images even when the dataset is made of two parallel classes 0° and 180° making it
possible to distinguish different directions. The classification of images in two classes
with the same orientation but different direction is actually the main challenge in the
head-tail discrimination based on the color gradient.
Moreover, the problem with three classes returns a promising accuracy level close
to the one achieved with orthogonal classes despite the presence of a third class in
the dataset. The CNN approach represents the first and only case of color analysis
application to the study of nanotracks’ direction. At the moment no alternative method
has been developed to determine the direction with the color analysis.
Since the dataset cannot be further purified and improved, new strategies to improve the network accuracy and to maximize the classification power should be applied
implementing different kind of CNN and/or refining the parameters.
The results reported can therefore be considered highly promising leading the way to
future implementations for a more general method capable of detecting both orientation
and direction of nanotracks. The color analysis can therefore have good premises for
head-tail discrimination. The main advantage of this method is the use of images from
which the network itself learns the model during the training.
In conclusion, the proposed ML method based on the color images analysis for the
head-tail discrimination of the incoming beam direction is promising although requires

5.4. Results
further tests. To complete the analysis, next steps provide the training of the network
on 4 classes up to 8 classes to complete the training session implementing the model
over the entire dataset acquired.
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Conclusions
The NEWSdm (Nuclear Emulsion for Wimp Search with directional measurements)
experiment is devoted to the measurement of the direction of WIMP-induced nuclear
recoils. To detect and reconstruct sub-micron tracks produced by a WIMP interaction,
the detector employs the Nano Imaging Tracker (NIT), a new generation of nuclear
emulsion films made of 45 nm AgBr crystals.
The first step in the reconstruction of the tracks is carried out by implementing the
shape analysis at an optical microscope. This technique allows to distinguish between
clusters made of a single grain due to thermal excitation (known as fog) that show
a spherical shape from clusters made of several grains that tend to have an elliptical
shape with the major axis along the direction of the signal track. Track candidates are
later further analyzed with a super-resolution microscope to reconstruct tracks beyond
the diffraction limit with a position resolution at the level of 80 nm.
This microscope for candidate validation exploits the Local Surface Plasmon Resonance (LSPR) phenomenon to discriminate clusters made of two or more grains subject
to the displacement of the barycenter that occurs under the polarized light.
In the present thesis NIT emulsion films implanted with Carbon ions beams at
different energies of 30, 60, 100 keV have been analyzed with the shape analysis and the
plasmon analysis for the selection and the validation of the possible track candidates.
Thanks to the plasmon analysis signal-like events show a signal efficiency of 50 % and
of 8 % respectively for the Carbon ion sample of 100 keV and 60 keV.
To gather an unambiguous proof of Dark Matter it is important to be able to
obtain information about the direction of the incident beam via the so-called head-tail
discrimination. Grains of track present a color variation and longer nanotracks show a
redshift effect of the resonant wavelength that indicates an higher ionization produced
by the particle on the last grain of the track.
The analysis of the color of track grains makes it possible to identify the direction
of the incident beam thanks to the implementation of Machine Learning techniques, in
particular a CNN, for the classification of the images acquired with the color microscope
exploiting the LSPR effect. The color gradient is actually a discriminating feature for
the identification of the incoming beam direction that can confirm the galactic origin
of the Dark Matter.
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The results show an accuracy of 80% in the classification of images belonging to
classes 0° - 90°, 65% for classes of 0° - 180° and 73% for three classes 0° - 90°- 180°. While
the network shows good performances in classifying images of different orientations
training on the 0° - 90° classes, on the 0° -180° classes it allows to distinguish between
two different directions.
This proves that the CNN approach to color analysis has good sensitivity to both
the direction and the orientation of the nanotracks. No other alternative methods
based on the color analysis allows the discrimination of the direction at the moment.
The results are therefore promising and pave the way to further improvements and
investigations.
In perspective, the color analysis can be extended to the classification of the entire
dataset, by training the network on images belonging to all the eight classes acquired
rotating the emulsion.
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