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New tools for high performance of LIBS Imaging

by Tomas Lopes

This thesis manuscript presents a research work in the field of LIBS-based Imaging,
particularly the development of new and improved advanced tools to be adopted on current
LIBS pipelines and that are capable of enhancing the resulting analysis provided by this
technique.

Laser-induced Breakdown Spectroscopy has been an ever growing technique that has
been widely adopted in various areas. As a result multiple approaches to the technique
have been considered, with one of the most prominent being LIBS-based Imaging, where
the analysis is extended to the spatial domain, resulting in what is referred to as a data
cube, composed of two spatial dimension and one spectral dimension. To properly analyse
the results of LIBS Imaging, it is of utmost importance that one has the proper knowledge
and tools to explore the data cube to take advantage of all the information this technique
provides. However this field is currently underexplored, with the majority of the community
adopting pipelines that often result in difficulties in interpretation and visualisation of
results.

To address this issues, we developed tools to better handle the complexity of these
datasets. In first place we will go over an algorithm inspired by the JPEG compression
algorithm, and based on the Fourier transform that facilitate the process of finding rele-
vant emission lines for the LIBS imaging analysis, by introducing a metric that indicated
how interesting each wavelength might be. Secondly we introduce a visualization pipeline
that extends the LIBS analysis to the three dimensional domain, allowing for greater com-
prehension during the analysis, and thirdly we will go over the use of LIBS as a tandem

solution with other spectral imaging techniques to enhance their individual capabilities,
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testing the most often used solution of data fusion, in addition to a new approach based

on the concept of knowledge distillation.
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Novas Ferramentas para alto desempenho de LIBS Imaging

por Tomés Lopes

Esta tese apresenta um trabalho de pesquisa na area de Imaging baseado em LIBS,
particularmente o desenvolvimento de novas ferramentas a ser adotadas em pipelines de
LIBS atuais e que sao capazes de melhorar a analise resultante fornecida por esta técnica.
LIBS (espectroscopia de ruptura induzida por laser) tem sido uma técnica em constante
crescimento que tem atraido um grande interesse nas mais diversas areas. Como resultado,
multiplas abordagens a técnica foram consideradas, sendo uma das mais proeminentes LIBS
Imaging, onde a anélise é estendida ao dominio espacial, resultando no que é referido como
um cubo de dados, composto por duas dimensbes espaciais e uma dimensio espectral.
Para analisar os dados resultantes de LIBS Imaging, é de extrema importancia que se
tenha conhecimento bem como ferramentas adequadas para explorar o cubo de dados e
aproveitar todas as informacodes que esta técnica fornece. No entanto, este campo estd
atualmente subexplorado, com a maioria da comunidade a adotar pipelines que muitas
vezes resultam em dificuldades na interpretacao e visualizagao dos resultados. Para resolver
estes problemas, no contexto desta tese, desenvolvemos ferramentas para melhor lidar com
a complexidade destes datasets. Em primeiro lugar, vamos entao analisar um algoritmo
inspirado na compressiao JPEG de imagens, e baseado na transformada de Fourier que
facilita o processo de encontrar linhas de emissao relevantes para a analise de LIBS Imaging,
introduzindo uma métrica que indica quao interessante cada comprimento de onda pode
ser. Em segundo lugar, apresentamos um pipeline de visualizagdo que estende a andlise
LIBS ao dominio tridimensional, permitindo uma maior compreensao durante a andlise,
e em terceiro lugar vamos estudar o uso de LIBS em colaboracgdo com outras técnicas de

spectral imaging numa tentativa de melhorar as suas capacidades individuais, testando a
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solucdo mais usada de fusdo de dados, além de uma nova abordagem baseada no conceito

de knowledge-distillation.
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Chapter 1

Introduction

Laser-induced breakdown spectroscopy (LIBS) is a type of Optical emission spectroscopy
(OES) that uses a focused laser pulse as the excitation source. The laser pulse is focused
on a target surface, delivering a high energy density within a short time duration. As a
consequence, a spot on the surface is ablated and a small amount of material is heated
and evaporated, creating a gas plume that contains the sample atoms and ions. The gas
plume then continues to absorb laser energy becoming further ionized into the state of a
plasma. The optical emission of the plasma is then collected by a spectrometer and the
resulting spectrum has characteristic wavelengths and intensities for each element present
in the sample and can thus be used for qualitative and quantitative analysis of the target.
This makes LIBS a fast, versatile, and micro-destructive technique that can be used for in
situ and remote chemometric analysis of various types of sample matrices, including solids,
liquids, and gases.

Still, while the potential of LIBS for a wide span of academic and technological appli-
cations is immense, the actual utilization of the technique involves the development and
deployment of dedicated processing tools, algorithms, and software solutions for each spe-
cific purpose. The development of such solutions has been one of the research topics at

INESC TEC in recent years and will be the main focus of this work.

1.1 A brief history of LIBS

The history of LIBS started with the invention of the laser in 1960, which provided a

coherent source of optical radiation with enhanced focusing capabilities. Just two years
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later, Breach and Cross [1] introduced what is now considered the precursor of LIBS, Laser-
induced spark emission, harnessing the power of the laser to produce plasmas on a surface.
Latter in 1963 [2], the first analytical use of laser-induced plasma for spectrochemical
analysis was reported in France and is now considered the ”birth” of LIBS. Still, during
the first decades, LIBS stayed primarily on the academic plane, with the research focusing
on the basic features of laser plasma rather than on its analytical capabilities.

The status quo started to change during the 1980s, when the analytical capabilities of
LIBS became more evident, leveraging on technological advancements in lasers and detec-
tion devices with improved sensitivity, resolution, and speed. During this time, Radziemski
and Cremers team at the Los Alamos National Laboratory [3] was leading the state-of-the-
art, eventually coining the term LIBS for this method. Further down the road during the
1990s, LIBS made remarkable progress emerging as a versatile technique for both labora-
tory and field analysis, turning the century as the “future superstar” [4].

More recently, LIBS has become widely accepted as a reliable and versatile technique
for elemental analysis. In particular, the technique features multiple advantages comparing

to competitors such as X-Ray Fluorescence or ICP-MS, from which we can highlight:

e Ability to detect (in theory) all elements - in particular, lighter ones - with limits of

detection typically in the range of a few ppm,;
e Simultaneous detection of multiple elements;

e Possibility of performing a rapid analysis of a region of the sample surface, allowing
LIBS-based spectral imaging, enabling spatially resolved elemental mapping with

high spatial resolution and fast acquisition speeds;

e Furthermore, the substitution of a physical device (electrodes) with a laser to ignite
the plasma:
— Enables the analysis of gas, liquid, and solid samples;
— Requires minimal sample preparation;

— Can be employed in extreme conditions such as vacuum, underwater environ-

ments, high temperatures, and high pressures.
— Operates at high speeds, reaching frequencies up to kHz.

— Allows for remote (non-contact) operation, facilitating the development of portable

instruments and online analysis.
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— Limited and localized damage on the sample surface, with damage levels ranging
from tens to hundreds of nanograms, which is particularly valuable for preserving

cultural heritage or artworks;

— Provides in-depth profiling capabilities;

e Finally, LIBS can be integrated in collaboration with additional spectroscopic tech-
niques, e.g. Raman spectroscopy, laser-induced fluorescence (LIF) or hyperspectral
imaging, thus supporting interesting sensor fusion solutions for industrial applica-

tions.

These days, the current stage of LIBS technique is characterized by the increasing
maturity and diversity of its applications and methodologies, with the most recent research
trends now trying to push towards the improvement of the accuracy and precision of
qualitative and quantitative analysis, with the development of new calibration strategies,
exploring new spectral regions, coupling with other spectroscopy techniques, and much

more.

1.2 Concepts of LIBS Analysis and Imaging

The typical output of a LIBS process is an emission spectrum (see Figure 1.1) with char-
acteristic spectral lines that can be related to the spectral fingerprint of atoms, ions, and
molecules. Speaking in broad terms, when talking about LIBS analysis we can divide it
into two main categories: i)qualitative analysis, and ii)quantitative analysis.

Qualitative analysis is based mainly on the process of identifying the presence or absence
of a constituent in the sample under analysis. Focusing on the case of atomic species for
illustrative purposes, this can be done by comparing the emission lines present in the
LIBS spectrum with known atomic spectra, which can be found in multiple databases
such as the NIST one [5]. The presence or absence of specific emission lines thus provides
information on the elemental composition of a material without the need for calibration or
reference standards. Such type of analysis is often carried out using numerical algorithms
for peak identification and can be also combined with further machine learning classification
algorithms to distinguish between different sample types or sample regions. For example,
in one of our most recent works, we have shown the possibility of identifying types of
minerals when combining qualitative analysis with unsupervised clustering methodologies

[6]. For such applications, the results are frequently reported as outstanding [7, 8], with
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limits of detection in the range of a few ppms and even potentially reaching ppbs for LIBS
systems with better detection devices (e.g. ICCD devices).

On the other hand, quantitative LIBS analysis typically refers to the process of deter-
mining the concentrations of elements or molecules in a sample, relating features of the
LIBS signal (such as the intensity or the area of an emission line) to the concentration of
the analyte. This can be done using multiple algorithms, from simple linear calibrations
to more complicated data-driven neural network regression techniques [9]. Yet, contrary
to what happens for qualitative analysis, LIBS typically underperforms for this type of
analysis when dealing with more complex samples, mostly due to the intrinsic variability
of the signal obtained [10]. One way to mitigate these effects is to perform calibrations
with matrix-matched standards or utilize other advanced approaches such as calibration-
free LIBS (CF-LIBS) [11]. Yet, both of these methodologies still do not solve the lack
of control of the plasma variation with the sample type and sample surface characteris-
tics (e.g. roughness, hardness), instrumental drifts or even environmental conditions (e.g.
humidity), making reliable quantitative analysis one of the open challenges of the field.

Advanced M
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Figure 1.1: Schematic of the stages involved in LIBS-based Imaging analysis.

For the purpose of this work, we will focus mainly on qualitative analysis and in par-
ticular, on the topic of spectral imaging, widely regarded as one of the most promising
concepts for technological applications for the years to come [12, 13]. LIBS-based spectral
imaging or simply LIBS imaging combines localized analysis with fast acquisition rates to
map the distribution of elements by spatially scanning the sample surface in a pixel-by-pixel
manner, also called whiskbroom scanning. Typically, a specific emission line is selected
and its value is represented in the transverse spatial directions to obtain an elemental map.
Involving simple optical instrumentation, fast acquisition speeds, and multi-element capa-

bilities with detection limits in the range of few ppms for most elements, LIBS imaging has
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found an extensive and increasing range of applications in recent years, spanning a wide
range of scientific areas from medicine to biology, and from geology to industry [13-16].
Some of the recent developments involving LIBS-based Imaging, address communi-
ties that greatly benefit from its capabilities. By allowing multielement detection, along
with fast acquisition speeds with no constraints on sample size, several studies have been
conducted and have demonstrated its ability to characterize complex samples with some
examples being the analysis of a multiphase hydrothermal ore sample, with more than
30 elements identified with concentrations that range from major to trace elements [17],
the analysis of biological samples, aiming to analyze trace elements in biological tissues
at microscopic spatial resolutions for routine elementary investigations [18-21], and re-
mote sensing under dangerous environments with studies conducted for the Experimental
Advanced Superconducting Tokamak (EAST) magnetic fusion energy reactor, focusing on
analysing the 2D distribution of Li deposition in plasma-facing materials [22] and the dis-
tributions of impurities (H, O, Ar, K, Na, and Ca) of a co-deposition layer of Li-W used in
the reactor walls [23]. Another major benefit of the technique is its ability to perform depth
profiling analysis, with application including multielemental 3-D images of soft tissues, ei-
ther by volume reconstruction or in-depth analysis [24], to paleoclimatic research on the
characterization of speleothems [25, 26] where climate proxies, such as Mg, Sr, or Ba, can
be retrieved from these materials, and may indicate changes in climate or environmental
conditions that occurred during the growth periods, requiring an analysis of the order of
centimeters with a resolution on the scale of the annual speleothem growth of around 0.01

to 2 mm per year [27].
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Figure 1.2: Some examples of analysed samples in the literature, including (A.) biological
[24], (B.) industrial, (C.) heritage [28] and (D. and E.) geological samples [26, 28].

1.3 Project motivation and objectives

The results of LIBS imaging are only as good as its software tools and algorithms, making
the development of such solutions a subject of paramount importance. In particular, these
tools involve multiple operations with their own specific challenges. For example, for the
pre-processing steps such as baseline removal [29, 30], peak finding, and feature detection,
the most prominent challenge is to process large amounts of data, as these hyperspectral
cubes (N, x Ny x Nj points, with N, and N, being the spatial dimensions and N, the
wavelength dimension) can rapidly scale to GB of information. After this, and depending
on the final objective, the processing pipeline can continue with machine learning algo-
rithms such as unsupervised clustering for classification [31], supervised classification [32],
or even dimensionality reduction techniques such as Principal Component Analysis (PCA)
[33]. Here the challenge normally focuses on deploying robust algorithms, capable of pro-
viding reliable, reproducible, and accurate results. Finally, data visualization also plays
an important role, as they allow us to better understand the results.

Therefore, LIBS imaging has a lot of room for research, in particular in the development
and deployment of software tools and strategies capable of enhancing the quality and
interpretability of its results. This context constitutes the main subject of this manuscript,

and its operational objectives stem from the natural progression of the research at INESC
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TEC in the last year in the field of LIBS imaging, in particular:

e Develop new tools to find relevant information in the generated data of a LIBS
imaging experiment, paving not only for faster processing and analysis workflows

but also for future work regarding data compression strategies;

e Develop innovative solutions for interactive analysis of spectral imaging data, in
particular focusing on the integration of 3D model information with 2D elemental

maps, opening new perspectives for academic and technological applications;

e Deploy novel processing pipelines capable of exploring the collaboration spectral
imaging sensor fusion in more effective manners, establishing a tool of promising

potential for industrial applications by combining LIBS and hyperspectral imaging.

1.4  Work description

Describing the methodology to achieve these goals in an integrated manner, this manuscript
is divided into 5 chapters. In addition to the introduction in the present chapter, Chapter
2 is devoted to a theoretical overview of Laser-induced Breakdown Spectroscopy, going
over the core physical principles, setup and the introduction of LIBS imaging to better
understand the results presented in the following chapters. In Chapter 3, we present an
algorithm that uses the Fourier Transform to automatically detect features of interest that
can be used for consecutive analysis, exploring its implementation with parallel computing
and the benefits it has towards a real time data analysis environment. In Chapter 4,
we combine 3D photogrammetry models of analysed samples with maps of the surface to
create a 3D visualization environment capable of enhancing the interpretability of Spectral
imaging maps by extending the analysis to the 3D domain, and lastly in Chapter 5, we
will go over the use of LIBS as tandem solution alongside hyperspectral imaging (HSI),
exploring the concept of collaborative sensing. The results in this chapter demonstrate
the classification capabilities of two different collaborative sensing approaches, one that
combines the resulting data cubes from LIBS and HSI through a mid-level fusion, and
another that uses LIBS as a higher knowledge technique to train an HSI classification
model that is reliable and balances good classification with fast acquisition speeds. Finally,

a general conclusion will be made presenting some prospects for future works in this area.
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1.5 Major Output and Contributions

In addition to the current document, this MSc dissertation has led to numerous commu-
nications and outputs in close collaboration with other members of the Spectral Imaging

team at the Center for Applied Photonics at INESC TEC. These include:

Journal Publications:

e ’Interactive three-dimensional chemical element maps with laser-induced breakdown
spectroscopy and photogrammetry”, Toméas Lopes, Pedro Rodrigues, Rafael Cavaco,
Diana Capela, Miguel F.S. Ferreira, Diana Guimaraes, Pedro A.S. Jorge, Nuno A.
Silva, Spectrochimica Acta Part B: Atomic Spectroscopy, Elsevier. [28] (2023)

e "Robust and interpretable mineral identification using laser-induced breakdown spec-
troscopy mapping”, Diana Capela, Miguel F.S. Ferreira, Alexandre Lima, Filipa Dias,
Tomés Lopes, Diana Guimaraes, Pedro A.S. Jorge, Nuno A. Silva, Spectrochimica

Acta Part B: Atomic Spectroscopy, Elsevier. [6] (2023)
Conference Proceedings:

e "Multimodal approach to mineral identification: merging Laser-induced breakdown
spectroscopy with Hyperspectral imaging”, Tomés Lopes, Rafael Cavaco, Pedro Ro-
drigues, Jorge Ferreira, Diana Capela, Miguel F. S. Ferreira, Pedro A. S. Jorge and
Nuno A. Silva, Proceedings of AOP - Conference on Applications of Optics and Pho-
tonics. (2022)

e "Integrating Laser-induced breakdown spectroscopy and photogrammetry towards
3D element mapping”, Pedro Rodrigues, Toméas Lopes, Rafael Cavaco, Diana Capela,
Miguel F. S. Ferreira, Pedro A. S. Jorge and Nuno A. Silva, Proceedings of AOP -

Conference on Applications of Optics and Photonics. (2022)
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Chapter 2

Fundamentals of Laser-Induced

Breakdown Spectroscopy

This chapter is devoted to a brief overview of the theory behind Laser-Induced Breakdown
Spectroscopy, a powerful tool for chemical analysis capable of providing us insight of a
sample composition. Over the past few years, LIBS has gained considerable momentum
in the field of chemical analysis due to its versatility compared to other techniques such a
ICP-MS, XRF, or X-Ray Diffraction (XRD) leading to applications in a variety of fields,
from biomedical research to heritage sciences, just to name a few.

In particular, this chapter will provide a comprehensive discussion of the inner workings
of LIBS analysis, from the optical instruments utilized on a general LIBS setup to plasma
formation and spectral emission. Then, we provide a brief overview of the typical LIBS
Imaging analysis, attempting to provide a solid understanding of the technique to better

interpret the results enclosed in the following chapters.

2.1 The two Key concepts of LIBS: Laser and Plasmas

To understand the inner-working of LIBS one can start by discussing the two fundamental
concepts necessary to make it work: lasers and plasmas.
2.1.1 The Laser

LASER stands for Light Amplification by Stimulated Emission of Radiation and is ar-
guably one of the most important technologies of the last century, branching out to an

immense variety of fields. As the name implies, the mechanism behind LASER sources is

11
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stimulated emission, a phenomenon first described by Albert Einstein in 1917, and to bet-
ter understand this mechanism it is important to understand the different types of atomic
emission.

Atoms emit radiation when their electrons decay from upper to lower energy levels,
releasing a photon in the process. A photon is an elementary particle that carries a quan-
tized packet of energy of a given electromagnetic field, such is the case of light. Thus, the
emitted photons have a specific energy E and wavelength A that depends on the energy
difference between the upper and lower levels of the electron transition in the atom, i.e.

h
E= Wc = Eupper — Elower-

A B
® k2 ® k2

Photon

- V"’vv}

Figure 2.1: Schematic of the energy levels in an atom with A. and B. representing the
processes of spontaneous and stimulated emission, respectively.

The emission of the photon can occur in a spontaneous or stimulated manner (see Figure
2.1). Spontaneous emission is the process in which an excited electron or atom decays to a
lower energy level without any external influence, emitting a photon. This process occurs
randomly and does not depend on the presence of other photons. The direction and phase
of the emitted photon are also random and can only result in incoherent light. Stimulated
emission on the other hand is the process in which an excited electron decays to a lower
energy level due to the interaction with an additional photon. In this case, the incoming
photon stimulates the emission of a second photon that is identical to it in frequency,
phase, polarization, and direction. This is the basis of laser operation, as it allows the
amplification of light by creating coherent and monochromatic beams of photons.

In 1960 Theodore Maiman had the idea to use an optical cavity with a gain medium on
its inside (a medium that can amplify the power of light), amplifying the light with each
pass through the gain medium by means of stimulated emission. In stimulated emission,
an incoming photon can interact with an atom or molecule in the gain medium that has
excess energy, causing it to emit another photon of the same wavelength and phase as

the incoming one. This way, one photon can trigger the emission of many more photons,
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creating a chain reaction that amplifies the light. However, not all atoms or molecules in
the gain medium are ready to emit photons. Some of them are in a lower energy state, and
they can absorb photons instead of emitting them. This reduces the amplification of the
light, and as such, to make a laser work, the device needs to create a situation where the
number of atoms or molecules in the gain medium in the higher energy state exceeds those
in the lower energy state. This is called an inversion of population and to achieve this,
energy must be supplied to the gain medium, such as electricity or light in a process called
pumping. This scheme can be visualized in Figure 2.2, and by placing an active medium
in a mirror cavity, feedback is enabled, allowing for population inversion to occur, greatly

enhancing gain, and inducing laser action.

Flashlamp (pump source)

] ]

Laser Output

Gain Medium

Highly Reflective Partially
Mirror Reflective Mirror

Figure 2.2: Scheme of an optical resonator based of a Fabry-Perot cavity.

Pulsed lasers are a subset of lasers that emit light in the form of short pulses rather
than a continuous beam. Pulsed lasers can have various pulse durations, ranging from
femtoseconds to milliseconds, and various pulse repetition rates, ranging from a few hertz to
gigahertz. There are mainly two different methods for generating pulsed laser output from
a laser medium, Q-switching and mode-locking. In Q-switching the optical losses inside
the laser cavity are actively (using an electro-optic or acousto-optic device) or passively
(using a saturable absorber) modulated, in such way that the population inversion builds
up until the optical loss is suddenly reduced, triggering a giant pulse of light. In its turn,
mode-locking involves locking the phases of different longitudinal modes of the laser cavity
with something such as a saturable absorber or an active modulator, resulting in a train of
ultrashort pulses with a fixed repetition rate determined by the cavity length. Pulsed lasers

are mainly used when high intensities are required and that would otherwise be impossible
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to achieve in continuous modes of operation, and therefore are fundamental in the process

of laser-induced plasma formation.

2.1.2 The Plasma

The term ”plasma” was initially introduced by I. Langmuir [34] in 1928 during his in-
vestigation of ionized gases in discharge tubes. Langmuir drew inspiration from the way
that these discharges carried various particles such as high-velocity electrons, gas impurity
molecules, and ions, and its resemblance with how blood plasma transports red and white
cells, proteins, hormones, and germs. Considered the fourth state of matter, plasma is the
most common state of matter in the universe as a whole, and in spite of it often being
thought of as a subset of gases, the two states behave very differently. Like gases, plasmas
have no fixed shape or volume, and are less dense than solids or liquids, but unlike ordi-
nary gases, plasmas are made up of atoms in which some or all of the electrons have been
stripped away and the positively charged particles, called ions, roam freely. Being made of
charged particles, plasmas display distinct properties from gaseous media, like conducting
electricity or generating magnetic fields. Plasmas also exhibit different properties from
gases at the level of individual particles. In a gas, the particles tend to have similar speeds
and energies, while in a plasma, the particles can have very different speeds and energies
depending on the external fields and the degree of ionization (a),
o= T (2.1)
i +1n
where 7; and 7, are the ions and free electron densities, respectively.
In general, a plasma is formed when a gas is heated to an extremely high temperature
or interacts with a strong electric or magnetic field, which causes such vigorous collisions

between its atoms and molecules that electrons are ripped free in a process called ionization.

2.2 Laser-induced plasmas

Having introduced the two fundamental concepts, laser, and plasmas, we are now in a
position to explore how these two come together to establish one of the fundamental pillars
of the LIBS technique, the laser-induced plasmas (LIPs).

It all starts with a pulsed laser focused on a small spot on a surface sample. Having

sufficient energy density (10’s of GW/cm?) - typically around a few mJ for 10ns pulse
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duration - the energy is sufficient to trigger a series of events that will eventually lead to

the laser-induced plasma (see Figure 2.3).

Plasma Thermal Plasma Element Specific
Ignition Vaporization Expansion Emission
Shock wave
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Figure 2.3: Approximate timescales (considering a 10 ns pulse) of the processes that occur
in laser-matter interactions leading to element specific emission

2.2.1 Ablation

Ablation is the process of material removal and formation of a plume and is the direct
consequence of two main mechanisms, photo-thermal ablation and photo-chemical ablation.
Photo-thermal ablation happens when the laser energy is absorbed by the free electrons
in the material and the energy is transferred to the sample matrix through electron-lattice
coupling. This happens when the pulse duration is higher than the electron-lattice coupling
time constant, which is of the order of picoseconds (typically what happens for a pulsed laser
on the nanosecond range), effectively acting as a heat source, melting and vaporizing the
material. In its turn, photo-chemical ablation occurs when the energy of the laser beam is
sufficiently high to cause direct bond breaking of the material and leads to material removal
through fragmentation causing in principle no temperature changes on the target surface,
which is the typical scenario for femtosecond pulsed lasers. For the next sections we will
focus our attention on the nanosecond regime only, which corresponds to the experimental

setups we have available in the laboratory.

2.2.2 Plasma formation

Following ablation, which happens in the first microseconds, the electromagnetic field of
the laser pulse eventually induces the breakdown of the gas into a plasma, leading to
the subsequent generation of a shock and an acoustic wave. After this process, a plasma

shielding effect continues further promoting the laser radiation absorption, heating the
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plasma up to the final temperatures in the range 10* — 10°K. The evolution of the plasma
plume depends on several factors such as laser pulse characteristics, size of the focal spot,
target matrix, and the surrounding atmosphere, just to name a few, and is one of the

sources of variability of the signal acquired during a LIBS process.

2.2.3 Plasma Decay and Optical Emission

As soon as the laser pulse ends, the plasma begins to cool down, and de-excitation processes
begin to occur. This is caused by three main mechanisms. First, we have i)recombination
radiation when a free electron is captured by upper bound ionic of atomic level, accom-
panied by ii)Bremmstrahlung radiation, resulting from the collision and deflection of free
electrons with atomic nuclei or other electrons. As the energy for these processes is not
quantized, these two give rise to continuous emission that appears as a background in the
optical emission spectra.

After this first period, typically around a microsecond, transitions between bound states
in atoms, ions, and molecules start being dominant. These transitions result in the presence
of specific atomic, ionic, and molecular emission lines in the emitted radiation spectrum. A

graph demonstrating the types of emission and associated timescales can be seen in Figure

2.4.
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Figure 2.4: Spectral contributions on a LIBS experiment and approximate timescales for
distinct phenomena

For LIBS analysis, this element-specific emission regime is the one of greater relevance.

In particular, assuming local thermodynamic equilibrium conditions [35], the intensity of
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the emitted lines can be approximated analytically by the Saha-Boltzmann equation

heNgeAki

o CN8kAki 2.2
M g Z(T) ¢ (2.2)

where the emission line intensities I, are described as function of the line wavelengths Ay;,
total number density N, statistical weight g, transition probability between levels k and i
Ayi, energy of the upper level Ei, plasma temperature T, and the partition function Z(T).

It is important to note however that experimentally the emission lines are not infinitely
narrow, but have a finite width that depends on various factors and are a consequence
of broadening effects. Doppler and Stark effects are the most relevant physical processes
that contribute to broadening, to which we need to add an instrumental broadening that
tends to dominate most lines. In particular, Doppler broadening is a direct consequence
of the thermal motion of the emitting atoms or ions, which causes a Doppler shift in their
emitted wavelengths producing a Gaussian line profile. The Stark broadening is caused by
perturbations induced by the electric field of the electrons on the energy levels of a given
transition producing a Lorentzian line profile. The resulting line profile is, therefore, a
convolution of the different broadening effects, and is most often described using the Voigt
profile. Typically, the broadening of the emission lines affects the resolution and accuracy
of the spectral analysis but can also provide information about the physical conditions of

the plasma, such as plasma density or temperature [36].

2.3  The LIBS Technique

The topics covered up to this point have enabled us to better understand the mechanism
behind laser-matter interaction and how the radiation that is emitted in this process con-
tains relevant information, that if properly harnessed, could provide useful to analyze the
composition of a sample. As a whole, these summarize the working concepts of LIBS:
first, ablate and generate a plasma at the sample surface using a focused pulsed laser, then

collect and analyze the optical emission signal.

2.3.1 A typical LIBS Setup

The crucial components of a LIBS setup are therefore a pulsed laser acting as an excitation
source to induced a plasma together with a set of lens and mirrors to steer and focus the
laser pulse onto the sample. A light collection system - e.g. a collimator, a set of lenses

of a parabolic mirror - collects the optical emission signal and couple it to multimode
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optical fibers that are connected to a spectrometer that separates and measures spectral
components of the optical signal. To this, it is common to add some translation stages,
with one axis used to assure that the surface of the sample is at the focal spot (z) and
two others (x and y) to allow for sample translation in the transverse directions, enabling
us to capture spectra at several spots in the sample and fundamental for LIBS imaging
applications. Finally, a digital delay generator synchronizes all the components and a

desktop computer controls the system components and analyzes the data.
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Figure 2.5: A. ITllustration of a typical LIBS Setup. B. Experimental setups utilized during
this thesis.

System ‘ General Analysis ‘ Cork Analysis

Laser Quantel CFR 200 Quantel Viron
Pulse Energies 200 mJ 50 mJ
Fundamental Wavelength 1064 nm 1064 nm
Spectrometer Avantes FC-UV200-1.5-SR. | AvaSpec-ULS2048CL-EVO
Spectral Range 180-920 nm 226-334 nm
Repetition Rate 20 Hz 20 Hz

Sample Geometry Planar Cylindrical

Table 2.1: Description of the experimental setups utilized during this thesis.

Although the setups described and utilized are the most typical LIBS setup, other
variants have been explored in the literature, normally designed for specific use cases. Some
examples include double pulse LIBS [37] for enhanced plasma stability, telescopic LIBS [38]
utilized for large distance analysis, catapulting LIBS [39] useful for trapped single particle

analysis, or u-LIBS [40], utilized for ultra-precise micrometer LIBS mapping.
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2.4 LIBS Imaging

LIBS Imaging combines localized analysis with fast acquisition rates to map a sample
surface through whiskbroom scanning, making it a valuable tool in numerous scientific and
technological fields. Compared to other techniques like X-Ray fluorescence and Energy-
dispersive X-ray spectroscopy, LIBS allows for faster multi-element detection, including
lighter elements, with a simple setup and sample preparation process that increases its
accessibility and versatility for use in various environments and in-situ applications. This
has led to its adoption across different fields of research, such as mineralogy, metallurgy,
biomedical and heritage sciences, among others, with potential applications up to the
micrometer range.

In typical LIBS imaging applications, one selects a specific emission line to create
a visual representation of chemical element distributions on the sample surface. This
representation often consists of a map for the intensity of a given line or the ratio of chosen
line intensities (as shown in Figure 1.2). Additionally, other approaches have been explored
in various contexts such as depth profiling using multiple shots at the same site to create
a depth-resolved spectral image.

An example of a use case of LIBS Imaging is its use for mineral classification of the
rock sample of Figure 2.6C, having 4 different mineral regions Albite, Quartz, Lepodolite
and Mica. Lepidolite, being the only Li-rich mineral, exhibits higher intensity of Li lines,
whereas for example Albite is a Na-rich mineral that features higher Na line intensities.
By merely looking at image 2.6B, where the spatial distribution of Lithium and Sodium is
being shown, it is possible to make an informed decision on the location of certain mineral
regions, however, some distinct minerals may have similar elemental composition, calling for
the use of integrated reliable solution that are essential in LIBS-based Imaging. As one can
see, in this particular case, following proper preprocessing routines, a k-means clustering
algorithm was applied to locate the various minerals regions. The results obtained from
such approaches often (see Figure 2.6 D.) present high degrees of accuracy and perfectly
demonstrate, how capable this technique can be when proper methodologies are adopted.

In spite of its many capabilities and ever growing community of users and researchers,
LIBS Imaging is still relatively new and there are still many opportunities to explore and

expand on.
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Figure 2.6: Example of a typical LIBS imaging application. A. Spectrum acquired from a

rock sample where we can see some of the most prominent emission lines. B. LIBS map for

the highlighted Li and Na emission lines, allowing for clear distinction of Lepidolite and

Albite regions. C. Image of the sample portion being analysed. D. Mineral identification

results obtained from a machine learning pipeline based of context based feature extraction
and unserpervised kmeans clustering.

2.5  Concluding Remarks

Laser-induced Breakdown Spectroscopy has come a long way since its first introduction a
few years after the discovery of the Laser source, with various adaptions soon following.
That is the case of LIBS-based Imaging, that is currently experiencing strong developments
with an increase in number of published papers in recent years, becoming a reference
approach for spatially-resolved elemental characterization. All this has been enabled by
the capability of the LIBS technique to reach micrometric scale resolutions with limits of
detection down to ppm, accessing acquisition rates of the order of kHz [41] at ambient
conditions using simple, all optical, tabletop instrumentation.

Despite the numerous advantages of LIBS-based imaging, there are still some techno-
logical barriers to overcome. In particular, the analysis of complex materials still appears
to be challenging both in quantification and data processing. Then, new studies on the

quantification of the technique, and the development of advanced tools becomes of utmost
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importance to allow the technique to spread further and attract more applications in fields

that go beyond the academic environment.






Chapter 3

LIBS Imaging Map Finder

As referred before, Laser-Induced Breakdown Spectroscopy (LIBS) has recently become
an important tool for the study of the spatial distribution of chemical elements at a sam-
ple surface, a technique usually called LIBS imaging. The standard pipeline adopted for
spectral LIBS imaging datasets revolves around identifying an element that is suspected
to exist within the sample and generating maps based on its characteristic emission lines.
In spite of this being the most common approach, maps containing relevant information
are often discarded due to the lack of tools to identify relevant structures within the cap-
tured data, which can rapidly scale for a complex sample featuring hundreds to thousands
of atomic, ionic, and molecular emission lines. In light of that, this chapter presents an
algorithm based on the Fast Fourier Transform (FFT), capable of autonomously identify-
ing emission lines or spectral regions containing meaningful spatial structures that can be

further associated with relevant features for imaging analysis.

3.1 Context

As previously explained, in the typical LIBS Imaging process one scans the surface of
a target in a point-by-point manner (whiskbroom scanning) to generate a 3D dataset,
referred to as a hyperspectral or spectral data cube of size Ny x Ny x N). The first two
dimensions correspond to the two transverse spatial dimensions, while the third consists of
the spectral dimension in the emission wavelengths. To construct element maps, one seeks
for the presence of characteristic emission lines, integrate or slice the cube in the spectral
dimension around the wavelength of interest Ag, and plot the resulting two dimensional

data as a spatial map.

23
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Figure 3.1: Structure of the data cube, demonstrating that the selection of emission lines
isn’t intensity specific as is exemplified by the oxygen emission line.

The goal is of course to find emission lines from elements that reveal underlying spatial
structures in our sample and possibly be related to something we are looking for: for
example, in the case of a rock, the distribution of an element at the sample surface might
be related to the presence of a certain mineral [42]. This is typically done in one of two
ways. The most common is to use our prior information of the sample composition and
search for emission lines of elements we suspect to be present. On the other hand, if the
composition of the sample is not known, one can plot the average, the minimum and the
maximum spectra in the same plot, looking for lines which may contain any variation and
thus possibly a spatial structure. While both these approaches have become the standard
of LIBS Imaging analysis, they can be time-consuming and with the increased complexity
of LIBS-generated data that can rapidly reach upwards of 100GB for a single map in
advanced setups such as u-LIBS, it becomes necessary the development of new strategies
to allow the identification of relevant features for consequent analysis.

Following this reasoning and this necessity, we developed a map finder algorithm based
on the Fast Fourier Transform capable of autonomously identifying without any prior
knowledge , the spectral regions that may contain interesting maps for further analysis.
Besides, by taking advantage of multiprocessing capabilities it may enable faster analysis
of LIBS-based Imaging while identifying important features that are normally buried in

the large dimensionality of the dataset.
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3.2 Fourier Transform

The basis of the developed algorithm is the Fourier Transform, a mathematical tool that
enables the representation of a signal in its frequency components. Its computational im-
plementation, the Fast-Fourier Transform, is widely regarded as one of the most important
algorithms of all time [43] and has a lot of applications spanning across multiple domains
of science, from seismology [44] to cryptography [45], and from optics [46, 47] to medicine
[48, 49]. Besides, it also plays a crucial role in image processing [50], being one of the most
important ingredients of image compression algorithms (such as JPEG), making image files
smaller and easing their storage and transmission.

Indeed, images can be thought of as signals that span across two dimensions, and so, by
applying the Fourier Transform over both dimensions, one obtains the 2D Fourier Trans-
form of an image, as seen in Figure 3.2B, where the spatial frequency of the components

increases the further away we are from the center.

Figure 3.2: A. Black and White Image B. Representation of the image in the frequency
domain (FFT) C. Post filtering representation of the frequency domain. D. Post filtering
reconstruction of the image.

It is then possible to establish the relations between the dimensions in the spatial

domain (J) and its components in k-space as

21
k= =5 (3.1)

Then, using a mask, we can filter out the k-space components that lie outside %

min

k < (52" and be left with the components that characterize our structures within the chosen

spatial range.

3.2.1 Map Finder Algorithm

Inspired by the use of FFT for image processing, our idea is then to apply the 2D Fourier
Transform to the transverse directions of the data cube generated for a LIBS imaging

experiment. Indeed, by establishing a spatial criteria for the structures we are looking



26 New tools for high performance of LIBS Imaging

for, we can filter out the components of the transform which are not important - low
frequencies that are related to continuous or very large structure components and high
frequencies that are related to noise. This ring in the Fourier domain (see Figure 3.2C)
corresponds to a bandpass filter and the information enclosed may have a higher or lower
magnitude depending on whether there is, in fact, an underlying structure - i.e. a map -

in the spatial dimensions we are looking for or not.
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Figure 3.3: Schematic of the developed pipeline, where for each wavelength, the Fourier

Transform is computed, filtering spatial frequencies in accordance to the defined feature

size J, followed by a quantization step, where the the sum of all filtered components is

normalized to the sum of the total components 3.2 (here, only the DC component is
filtered)

To operationalize this idea we developed and deployed an algorithm in Python using
the Numpy library for mathematical operations and array manipulation. Additionally,
to allow faster and scalable performances when handling big datasets, we implemented
this algorithm in a manner that takes advantage of multiprocessing capabilities using the
mpidpy python library, which explores the MPI framework and enables arbitrary scaling
in distributed computing paradigms.

In conceptual terms, the algorithm performs as follows:
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1. For each wavelength of the cube dataset, we perform the 2D Fast Fourier Fourier

Transform (2D FFT) in the transverse directions xy;

2. For each wavelength, we filter the resulting frequency components depending on the
size limitations of the structures we want to identify. In particular, considering we
are looking for structures with sizes between 9,,;,, to d;ax we take the bandpass filter

Kimin > k > kiyay where Ky = 271/ 0oy and kyay = 277/ Oyin;

3. For each wavelength, we compute a metric by taking the sum of the magnitude of
the remaining components and normalizing it to the sum of all components before

filtering, i.e.

SIR, = S titterea F (I K, ky) dkxdk,
a : (3.2)
ffTotul ]:(I/\/ ks, ky) dkxdky

where SIR stands for Spatial Information Ratio, F(I,, kx,ky) indicates the Fourier

Transform, and I, the spatial distribution of intensities at A.

At the end of this process we are left with a spectrum-like graph as seen in Figure 3.4A
that depending on the SIR score shows if a given wavelength display structured spatial
information within the target size or not. Thus, it allows to discriminate wavelengths that
contain structured maps from those that only contain noise - i.e. an automatic map finding

algorithm.

3.3 Results and Discussion

To test the capabilities of our algorithm we first used a rock sample constituted by Petal-
ite, Spodumene and Albite (see Figure 3.4C), where both Petalite and Spodume are two
minerals of similar composition (see Table 3.1), lithium, aluminum, silicon and oxygen, at

different proportions, introducing some complexity in the analysis

Mineral ‘ Chemical Composition

Albite NaAlSiz;Og
Petalite LiAlSi40lo
Spodume LiAlSi>Og

Table 3.1: Chemical Composition of the minerals present in the analysed rock sample.

The experimental LIBS Imaging setup (see Table 2.1) was composed of a Quantel Q-
Switched Nd:YAG laser, emitting at the fundamental wavelength (1064 nm), achieving a
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pulse length of 8 ns and 211m]J of maximum pulse energy. The laser pulses are steered
using a single mirror and focused on the sample surface using a plano-convex lens with
a 200 mm focal distance, creating a laser spot size at the focus point of about 300 pm.
The instrumentation responsible for spectral acquisition is an 8 channel Avantes CCD
spectrometer, triggered by the laser pulse, with light being guided to each channel using
optical fibers and 8 individual lens collimators. To move the sample in the transverse plane
, the systems features two motorized sample stages that allow automatic movement in the
xy plane, along with manual control of the z-axis and is used prior to the acquisition to
place the sample within the Rayleigh range of the system (approximately 13 mm). For this
particular case study, we used a laser pulse energy of 48 m], operating the spectrometers
with a gate delay of 1.3us, and an integration time of 1.05ms. Additionally the resolution
was set to 1 mm/pixel with a scanning area of 50 mm by 110 mm.

By applying the described algorithm we can see in Figure 3.4A that some wavelengths
feature higher metric SIR values, which should indicate that the spectral region (being an
emission line or not) is in fact important information in the chosen range 2mm to 30mm.
This is confirmed when we select the corresponding lines with high SIR and examine their
spatial distribution in Figure 3.4D and E, where we can clearly see the different regions that
compose our sample, namely the higher intensity of the lithium emission line at 670.76 nm
or the sodium line at 588.55nm. Moreover, using qualitative criteria, it is easy to see from
the shape of the sodium/lithium regions that this simple LIBS imaging analysis allows us
to easily differentiate the spodumene/petalite regions from the albite ones.

The relevance of the algorithm is even greater when we consider cases where there is
no prior knowledge of our sample composition, and as such, informed guesses can not be
made as to what emission lines could have relevant information.

Furthermore, it can also help for the case of certain emission lines with relatively low
intensity, which could often be mistaken as noise and rapidly overlooked, increasing its
relevance as can be seen in Figure 3.5. Here we see that an emission line corresponding
to Sodium and that has a very small intensity count that could easily be overlooked if
analysed by conventional methods, displays an high SIR score using this metric, indicating
the presence of structures that can be of great importance for the remaining analysis. This
is in fact confirmed by looking at the LIBS spectral map, where we see high intensities of
sodium in the regions of the rock that correspond to the albite mineral, as it is expected.

Finally, and before closing the discussion, we must also comment some results on the
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Figure 3.5: A. Graph of the FFT Score as a function of the wavelengths, highlighting a
high score line corresponding to Sodium, with the respective plot of the average spectrum.
B. LIBS image generated from the highlighted emission line.

computational performance of this algorithm. Indeed, since this implementation is com-
putationally heavy, we developed and deployed an algorithm with careful performance
considerations, introducing multiprocessing capabilities to enable us to run the algorithm
in multiple parallel environments, from multi-core desktops to massively distributed com-
puting infrastructures. Thus, we can effectively decrease our run-times, which can be of
particular relevance when we are exploring high-resolution datasets. Our strategy was to
simply divide the workload across the available workers, processing multiple wavelengths at
a time, instead of processing them one by one using the MPI interface for Python. To test
the effectiveness of this approach we ran the algorithm multiple times, each time varying
the number of processes (N), or equivalently, the number of wavelengths that are being

processed at each iteration.
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Figure 3.6: Graph of the time as a function of logical processes that are running the
algorithm.

To test this we used the same dataset as of Figure 3.4 (50x110x16384 points), and run
the algorithm on a desktop computer with an intel CPU i9-12900 with 16 cores and 24
threads and with 32GB of RAM at 2666 MHz. The results obtained can be seen in Figure
3.6 showing that in fact, the time to run the algorithm does exhibit the expected behavior
as it decreases with the number of processes. Yet, we call the attention to the fact that for
the specific case, using 8 processes can be as efficient as using 24 processes. This can have
multiple explanations, from CPU throttling, to RAM limitation, etc..

Proper benchmarks would require high-performance computing (HPC) systems, yet,

due to time constraints, were left out of the scope of the thesis.

3.4 Overview

In this chapter we described the development and implementation of an algorithm based
on the fast fourier transform, that allows the automatic identification of emission lines and
spectral regions that are of interest for LIBS Imaging analysis. By exploring a principle
inspired by the JPEG compression algorithm, we have applied a bandpass filter to the
frequency representation of our LIBS maps, in such a way that it allowed us to establish a
metric for the information contained within a specific spatial scale range for each emission
wavelength. The results further demonstrate that using this algorithm, the identification
of maps of interest becomes much simpler and can be used to identify elements that have

emission lines of similar intensity level to the noise, allowing us to synthetically increase our
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signal-to-noise ratio. Additionally, we tested the implementation of this algorithm using a
multiprocessing approach, which showed signs of being highly relevant to speed up the run
times.

Given the promising results of this algorithm, future works around it could include
the spectral compression of LIBS Imaging as for most application, a very small amount
of the spectrum is of actual interest, as well as subsequent studies of the multiprocessing

approach using HPC systems in an attempt to achieve real-time LIBS imaging analysis.






Chapter 4

Interactive three-dimensional chemical
element maps with Laser-Induced
Breakdown Spectroscopy and

photogrammetry

After finding the relevant maps, the natural process is to display and analyze them using
standard visualization tools. Yet, these are often limited to two-dimensional visualization
solutions, which may be limited in terms of an interactive and contextual interpretation
that can be helpful in some situations. In this chapter, we describe the development and
implementation of a novel processing pipeline and workflow that makes use of dedicated
photogrammetry and visualization software to easily deploy interactive three-dimensional
visualization models. The results not only demonstrate the versatility of this approach but
also pave for the development of novel spectral imaging diagnostic strategies that are able

to deliver better qualitative analysis and insights in the three-dimensional space.

4.1 Towards interactive visualization tools for spectral imaging

While there are several two-dimensional approaches to handle spectral imaging models
and images, solutions that are able to deliver interactive three-dimensional visualizations
remain, to our best knowledge, underexplored in the literature. Indeed, developing a
solution capable of incorporating multimodal spectral imaging data into three-dimensional

models constitutes an interesting task that could lead to a plethora of new opportunities,
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ranging from developing interactive teaching environments for biosciences and geology
[51, 52] to providing innovative diagnostic tools for quality control of mechanical parts
[53], just to name a few.

Following this reasoning, an immediate solution would be to project the maps generated
by LIBS into their respective three-dimensional models. For that, it is necessary to have
access to 3D models of our sample as well as develop tools capable of aligning both the

generated map and the models.

4.2 Generating Three-dimensional Models

To implement a three-dimensional visualization solution, one must first create an interac-
tive model of the sample using a three-dimensional modeling approach before merging them
with a two-dimensional elemental map. For that task, many three-dimensional scanning
techniques are commercially available these days with varying levels of detail and scanning
precision, most of them using optical sensors for non-invasive measurement. These sen-
sors can be divided into two broad categories: active and passive sensors. Active sensors
use emitted radiation and may provide better resolution by directly gathering 3D posi-
tion information, but they often require expensive hardware. Passive sensors on the other
hand rely on the ambient illumination conditions and make use of acquired image data,
which is then processed to infer 3D information. This constitutes the working concept of

photogrammetry, which will be the main focus during this chapter.

Figure 4.1: A. Process of photographing the object from various lines of sight. B. Gener-
ated 3D model of a rock sample. (Adapted from [28])
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In general terms, photogrammetry is a three-dimensional coordinate measuring tech-
nique that uses multiple photographs as the fundamental medium for metrology. By using
triangulation, photogrammetry analyses photographs from different locations called lines
of sight, and finds overlapping points to precisely determine their relative positions. This
allows the creation of 3D models of objects and/or terrain (see Figure 4.1). One of the
biggest advantages of photogrammetry is that it can be performed with very basic setups
such as a single digital camera, which makes it the most accessible solution to deploy an
alternative for the creation of three-dimensional models starting from the centimeter range
[54, 55]. Furthermore, by making use of photographs, the technique has the potential to
use color information, thus creating realistic three-dimensional models of a given sample
while preserving its visual features. This increases its potential for an effective merging

with LIBS data.

4.3 Mesh Matching Algorithm

Having the generated 3D model and aiming to combine it with the spectral imaging data, we
need to perform a crucial step of aligning both images. While being a non-trivial task, it can
be done in multiple ways. Our proposed strategy is to identify coinciding features in both
the three-dimensional model and the spectral image to obtain a suitable transformation
that allows the alignment of both images. This requires the correct identification of three
transformations: (i) Translation, (ii) Rotation, and (iii) Scaling. In short, it boils down to a
point alignment problem in three-dimensional space which is commonly found in areas such
as astronomy, computer vision, and molecular chemistry. One possible approach involves a
least square estimation of transformation parameters between two point patterns suggested

by Shingi Umeyama and commonly known today as the Kabsch-Umeyama algorithm [56].

4.3.1 Kabsch-Umeyama Algorithm

The starting point of the algorithm are the previously selected two point clouds, P and Q,
which we intend to align. To simplify, we can construct two matrices to store these sets of
points as ) ) ) )

X1 Y1z n 1k

X z _ i jo k
2 z,and Q= 2]‘2 21, (4.1)

=
I

Xn Yn Zn in jn kun
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The next step is to compute some metrics for these datasets, namely the centroid and

variance given by

12
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respectively. Then, for the point clouds P and Q, we can define the cross-covariance matrix

li;(l’z —up)" (4 — o), (4.4)

_ 1
H=-
n
with p; = (x1,y1,21) and g, = (i}, ji, z;) corresponding to points in the distinct meshes. This
cross-covariance can then be used to compute its singular value decomposition H = upv’.

It is then possible to prove[56] that the optimal transformation parameters for the

alignment of P and Q can be obtained by:

Rotation: R = UCV’ (4.5)
- 1 _
Scaling: S = U—tr(DC) (4.6)
2
Translation: T = pg — SRup, (4.7)

where C is defined as C = diag(1,...,1,d) with d = sign(|U||VT|) in order to prevent
reflections.

Using this procedure, an automatic algorithm was easily implemented in Python and di-
rectly used for the visualization procedure. Additionally it is important to note that the
deployed algorithm is dependent on the order of the points that make up both matrices,
meaning that for example point p; must have a correspondence with point g,. In order to
facilitate the feature selection process and drop this requirement, we can make this trans-
formation for all point permutations in Q and find the one with the best figure of merit
(FOM), defined as the sum of the Manhattan Distances,

n
FOM =Y |q;—p;| ,with q;=(T+3R)q; (4.8)
i=1
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4.4 Workflow

Now that we have the algorithm set, we need to choose convenient software tools to im-
plement the visualization procedure. For this work, we decided to use ParaView software
[57] which provides a graphical user interface that researchers can use to explore three-
dimensional datasets and further allows the visualization of big data via hardware acceler-
ation and distributed computing approaches. In short, it simplifies tasks by allowing the
user to perform a visual analysis of the dataset by creating and applying filters to the data
or subsequent filter results. To allow automation of tasks, ParaView also supports the
execution of processing scripts using Python which facilitates batch mode operation and

will be instrumental for this work.

Spectral Imaging 3D Model Construction
Acquisition via Photogrammetry
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Mesh Matching
Algorithm
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Interactive
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Figure 4.2: Graphical description of the visualization workflow. (Adapted from [28])

To allow interactive operation in ParaView, we need to complete three steps of a visu-
alization workflow(see Figure 4.2). In the first step, we need to process the data obtained
from the LIBS system and generate the associated chemical maps in a format that can
be loaded into ParaView. ParaView is laid on top of the Visualization Toolkit VTK [58]
which defines the preferable format of the input data so that it can be loaded seamlessly
into the software. Therefore, after necessary preprocessing and 2D map generation, we cre-
ate a two-dimensional structured grid to store the generated matrix as. All these steps are
performed in Python and can be easily implemented by making use of the library to handle

VTK native form. In the following step, the user scans the object using a scanning device,
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with post processing being performed with proper software tools (we used a standard IPad
Mini 6 together with the Polycam software) in order to create a three dimensional model.
The data can then be stored, preferably in the obj format, with the accompanying texture
file in the jpeg format. This method allows us to obtain not only the geometry and mesh,
but also the image of the sample, resulting in a realistic three-dimensional representation
of the sample.

Having both models in adequate formats natively supported by ParaView, they can now
be loaded into the the visualization software where the last step is now performed. At this
stage what it left to do is select matching features on both models using the Interactive
Select points function of Paraview, and apply the algorithm described in section 4.3 to
find the suitable set of transformation parameters that coincide the selected features in the
spectral map and the three-dimensional model. Lastly we can perform the projection of the
chemical map onto the three-dimensional model, resulting in an interactive visualization

environment.

4.5 Results

Results of the implemented algorithm are depicted in Figure 4.3 showing the typical out-
come of the combination of photogrammetry with spectral imaging techniques. Further-
more, in order to better understand the potential of the tools developed, we present three
illustrative scenarios.

First, Figure 4.3 A represents the chemical map for the distribution of Cobalt generated
with LIBS imaging on top of a surface of a Portuguese tile. As can be seen, the algorithm
performs a correct projection in this planar configuration. In this case, we can argue that
the three-dimensional visualization promotes a deeper comprehension of the connections
between the physical variables measured and the sample attributes, which could turn out
to be a valuable resource to enhance heritage analysis, in particular by supporting the
development of diagnostic tools that are able to integrate multiple sources of data in more
efficient manners.

Figure 4.3B presents the chemical map for the distribution of a silicon film on top of a
cork. Here we see that the algorithm is still robust when applied to cylindrical topologies,
thus introducing non-trivial advantages for the analysis and diagnostics of non-planar ge-
ometries for academic and industrial purposes, allowing better identification of patterns.

In this specific case, the heterogeneity of the coating alone may indicate an equipment
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Figure 4.3: Tllustrative results of the potential of the approach for the generation of

interactive visualization models, here applied to (A.) Heritage applications (Distribution

of Cobalt on the surface of a Portuguese Tile, using the Cobalt line at 345.3nm), (B.) non-

planar geometries (distribution of silicon on a cork, using the Silicon line at 251.6nm),

and (C.) multimodal sensing (LIBS and hyperspectral data of a lepidolite-albite rock).
(Adapted from [28])

malfunction. Yet, by adding information regarding the shape and three-dimensional mod-
eling, it is also possible to better debug the issue and identify the cause by analyzing the
fabrication pipeline.

Finally, Figure 4.3C is the projection of two distinct spectral imaging techniques, LIBS
and Hyperspectral Imaging for the same rock sample. This particular example shows both
the spatial distribution of Potassium (K) obtained with LIBS imaging, together with the
reflectance values of hyperspectral imaging in the 2270 £5 nm band. The hyperspectral
data is able to correctly distinguish the Quartz and Albite minerals (higher reflectance)
from the Lepidolite ones. Then LIBS imaging can be used to perform further distinction
of these regions by looking at the sodium spatial distribution (Albite is rich in Sodium).
These regions are easily identified by the overlap of the spectral maps.

In our opinion, this simple example illustrates well the versatility of this approach to

deal with data obtained from multimodal sensing sources, thus paving the way for new
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opportunities to explore these in a collaborative manner.

4.6 Overview

In this chapter, we addressed the development of a 3D visualization pipeline, as well as
the techniques necessary for the integration of two-dimensional spectral imaging data onto
three-dimensional models. Using the point-cloud matching Kabsch-Umeyama algorithm
we were able to deploy a solution for the projection of spectral imaging data on three-
dimensional models based on the selection of multiple features using the ParaView software,
a software used by researchers for interactive exploration and data analysis.

Based on the illustrative examples provided, we argue that extending the spectral
analysis to the 3D spatial domain allows a deeper understanding of the relations between
the various physical quantities measured and the properties of the sample surface by offering
a contextual interpretation in either planar or non-planar geometries. In this way, this
approach to data visualization and analysis provides non-trivial opportunities for immersive
visualization and analysis, which can find applications in a wide range of subjects, including
quality and manufacturing control for industry and interactive teaching in geosciences and
biosciences, to name a few. Furthermore, our approach has been designed to be flexible
and user-friendly, allowing for the integration of data from multiple multimodal sensing
systems. Examples include maps displaying hyperspectral or fluorescence data[59, 60].

Having into consideration the benefits of this approach, future works could be done
by integrating other techniques such as X-Ray computed tomography[61, 62], which may
open up new opportunities for sensor fusion and broaden the interpretability of the gathered
data. Its adaptability makes it simple to apply the approach to a wide range of spectroscopy
applications beyond LIBS imaging. In addition, this pipeline could be a stepping stone for
the creation of mixed-reality environments that could be applied for example in industrial
applications for quality control, or even scientific applications in an attempt to create a

virtual lab environment.



Chapter 5

Collaborative Opportunities in Multimodal

Sensor Fusion

Although LIBS is a well-established technique for chemical elemental mapping, it can still
lack sensitivity and specificity to the molecular structures present in the sample. In this
context, the use of LIBS in collaboration with other spectroscopic techniques, such as
Raman spectroscopy, can enhance its analytical capabilities and provide complementary
information. In particular, one of the promising solutions is to combine LIBS with hyper-
spectral (NIR, SWIR) imaging (HSI). In this chapter, we start with a brief overview of the
hyperspectral technique and proceed to explore two different approaches to the fusion of
LIBS and HSI for the case study of the unsupervised classification of minerals in a rock
sample. On one hand, a traditional data fusion approach that combines the data from each
technique in an attempt to increase the amount of information and provide better classi-
fication performances. On the other hand, an innovative knowledge distillation approach
that uses higher performance and knowledge of LIBS to train the HSI, hoping to enhance

its overall capabilities.

5.1 The potential of Hyperspectral Imaging

In general terms, HSI is a technique based on the analysis of the reflectance spectra of
a sample surface, from the visible to the infrared range. The captured data allows us to
establish a relation between the presence of specific sample constituents using their optical
properties at distinct wavelengths, such as absorption, emission, reflection, and scattering.

These properties manifest themselves as absorption bands in the spectra and analyzing the
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slope and depth of specific regions of the spectra, we may infer on the presence of some
important molecules in the sample. The biggest advantage of HSI is that it can acquire
data much faster than LIBS as it can operate in line-scan mode (e.g. 400 points in 5ms),
with a sampling rate of up to 100KHz allowing for higher throughputs that make it suitable
for industrial applications. Yet, HSI classification and distinction capabilities can often be
underwhelming when compared with LIBS, in particular due to the fact that its spectra
are often severely affected by noise (e.g. due to surface roughness) or convoluted with
other information. In this context, there is a window of opportunity for the design of novel
technological approaches to enhance the capabilities of this technique.
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Figure 5.1: Illustration of the principle HSI. Here we can see the push broom scanning
principle of this technique that scan the sample line by line, as well as the spectra that
are captured at each acquisition.

5.2  Methodologies for Collaborative Sensing

To explore the opportunities of collaborative sensing for the HSI-LIBS tandem solution
we will focus our attention on two distinct strategies: a traditional Data Fusion approach,
and an innovative Knowledge-Distillation. Each of the techniques focuses on different
goals to optimize the standalone performances of the techniques, as will be reported in the

subsequent sections.
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5.2.1 Data Fusion

Data fusion is the process of combining data from various modalities in an attempt to
increase the information used to perform decision and obtain better output decisions. This
can be done mainly in three different ways: low-level fusion, where the raw pre-processed
data is combined, mid-level fusion combining the extracted features from each modality,
and a high-level fusion or decision-level fusion that aggregates the outputs of multiple
models using methods as majority voting and averaging. For this case in particular we
intend to leverage the complementary information from each technique to effectively extend
the feature space and so mid-level fusion will be mainly explored-

Our approach begins with a crucial step of aligning the spatial datasets from each
modality. We select a set of matching points in each map and apply the Kabsch-Umeyama
algorithm to find the optimal transformation parameters for translating, rotating, and
scaling the datasets [28]. Moreover, to achieve the point-to-point match required for fusion,
we use the lowest resolution of LIBS imaging as the spatial mesh and associate each point

with the nearest point in the HSI imaging.
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Figure 5.2: Schematic of the adopted pipeline for sensor fusion classification

In the second stage, each technique undergoes appropriate pre-processing, feature ex-
traction, and scaling before the mid-level fusion. For LIBS imaging (see Figure ?77), we
remove the background from the obtained signal using a standard Asymmetrical Least
Squares Smoothing algorithm [30]. This consists of continuous components from Bremsstrahlung

and recombination processes that affect the emission lines non-uniformly. Additionally, we
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apply a Gaussian Filter to reduce the impact of potential contaminations and edge ef-
fects. After pre-processing, we select features using a context-based approach that chooses
wavelengths of interest based on our prior knowledge of possible elements in the sample
(more details on the technique can be found in ref.[? ]). Finally, we scale each feature
to its maximum absolute value, preserving the distribution shape and preventing unequal
weights from different modalities.

For HSI, we normalize the raw spectra from the camera to a white reference to obtain
reflectance spectra, revealing characteristic absorption features as well as characteristic
background signatures, resulting from ferrous ions, water, and carbonate absorptions that
are outside the spectrometer range. While it can be argued that this background sig-
nature, also called reflectance hull, may contain additional spectral information, it also
distorts the spectral absorption features, making its removal a necessary step. Given that,
our HSI pre-processing pipeline begins by applying a Savitsky Golay filter to remove noise
(see Figure ?77?), followed by hull quotient correction to remove the reflectance hull. Unlike
LIBS, context-based extraction is more difficult in HSI, especially because of the convoluted
spectral content. Considering this, we use a conventional PCA analysis for dimensionality
reduction, selecting the first four principal components that account for an explained vari-
ance ratio of 98%. We then use the scores as the extracted features, and apply standard
scaling for the same reasons discussed previously.

After extracting the features for each model, we combine them in a mid-level stage
fusion (feature-level fusion) into a dataset that we use to train an unsupervised classification
algorithm. We choose a conventional K-means clustering, inspired by previous results for
LIBS [6]. Here we train the algorithm for a reference sample that we use to interpret
the results and label the clusters (assign to mineral type) before generalizing it to unseen
samples. Finally, we compare the results obtained using collaborative sensing with those for

the standalone techniques, i.e., trained only with the extracted features for each technique.

5.2.2  Multimodal Spectral Knowledge-Distillation

Multimodal spectral knowledge-distillation (MSKD) is based on the concept of Cross-
Modal knowledge distillation (CMKD)[63], an algorithm that uses a Teacher-Student scheme
to leverage the superior performance of a modality with higher knowledge (the teacher),
and transfers it to a weaker modality (the Student). However CMKD is usually applied

to neural networks and depends on the supervised training of the teacher modality, which
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would not be suitable for the case study at hand of unsupervised classification. Having this
in mind, we developed the workflow seen in Figure 5.3 where we start with the train of a
classifier using a single spectral modality in an unsupervised manner, subsequently using
the output of this classifier as labels to train the weaker spectral modality with a suitable
supervised learning algorithm. Using this pipeline we believe that MSKD may offer non-
trivial advantages for multimodal spectral imaging, in particular because it exploits the
superior performance of supervised learning [64, 65] while bypassing the laborious (and

often imprecise) work of hand labeling correct pixel regions [66].
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Figure 5.3: Schematic of the adopted pipeline for MSKD classification

5.3  Results and Discussion

To evaluate our collaborative sensing strategies and the proposed mineral identification
pipelines, two rock samples were selected from the same mining site, both exhibiting the
same mineral composition as seen in Figure 5.4.

The two samples originate from Li-rich pregmatite vein located in the Central Iberian
Zone of the Iberian Massif and from previous studies it has been shown that they are
mostly composed of four mineral types, Lepidolite, Quartz, Albite, and Mica with chemical

compositions that can be seen in Table 5.1

5.3.1 Data Fusion

To test the results obtained in data fusion, we start by analysing the spectral signatures
of each mineral regions both in LIBS and HSI. As expected, the LIBS spectrum features

variations in emission line intensities that correspond to elements presents in each mineral,
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Figure 5.4: A. Rock samples and indicative mineral zones. Spectral signature for B. LIBS
and C. HSI, showcasing the typical signature of distinct mineral types.

Mineral ‘ Chemical Composition
Albite NaAlSizOg
Lepidolite KLizAlSi40loF(OH)2
Quartz 510y

Mica KAl (AlSiz019)(OH),

Table 5.1: Chemical Composition of the four most relevant minerals observed in the
samples.

mainly the ones previously identified in Table 5.1, and as such, we opted to extract the
three emission lines for each element in a process of context-based feature extraction.

Now looking at HSI we notice that although the spectrums do significantly vary between
mineral regions, they are no longer associated to specific emission lines, but rather with
distinct dips and bends of the reflectance curves. This inhibits us from extracting features
manually and in this context we opted to use a conventional PCA (principal component
analysis) algorithm for dimensionality reduction that transforms the original feature space,
to a new one of reduced dimensionality, while preserving as much variance as possible. The
most important step in this method is to choose the amount of principal components to
be used and in this case it is done by analysing the scree-plot of the explained variance,
and setting set a threshold at 98%, which was achieved using 4 components.

Having the knowledge on how we expect each technique to provide differentiation of
mineral regions, and having performed feature extraction, we can advance to deploy the
mineral classification algorithm. Due to simplicity of operation and good results in liter-
ature [67, 68] we opted to train a K-means unsupervised clustering algorithm, comparing
the results obtained for each standalone technique to the collaborative approach in two

stages, training and testing.
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For the training stage, we started by choosing a suitable training set and we opted for
the region seen in Figure 5.6A, as a results of the mineral regions appearing to be better
defined which is instrumental to better interpret the results qualitatively. Added to this,
the dataset seems to be balanced in terms of mineral area, preventing the appearance of
unwanted bias. Following the selection of the training set, K-means requires us to choose
the number of regions to be used in training and in an attempt to automate the process
as much as possible, we tried several approaches such as the elbow method, the silhouette
score and prediction strength but the results were not conclusive, only being able to identify
the amount of clusters to be within a certain range (between 4 and 6 for this particular
case). We then decided to combine our prior expert analysis of the sample, confirming the

presence of four major mineral regions plus the background, thus totaling five clusters.
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Figure 5.5: Perceptual map exhibiting the average LIBS feature value and average HSI
spectrum for each of the identified clusters.

It is important to note at this stage that the identified clusters of the K-Means algo-
rithm, only group surface zones according to their similarity of features and is not able
to provide of prediction of what mineral type each region corresponds to, and a label as-
signment stage is then required. To achieve that, it is possible to proceed with a user
interpretation of the results at the end of training. An ingenious way of doing that is to
calculate the centroids in the feature space and use informative graph formats as seen in
Figure 5.5 to manually assigning the clusters. In LIBS this can be done using the radar
chart for the LIBS feature space, where it is easy to associate the cluster with the centroid

with non-zero features in the elements of interest, according to table 5.1. For example, the
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cluster with Li and Rb features shall be clearly associated with the Lepidolite mineral in
this context. Alternatively, in HSI, one can still obtain the centroid and recover it onto
the original feature space, obtaining a spectrum that can be compared against a reference
one, in particular comparing to those in Figure 5.4. While this qualitative step can be
trickier to perform than its LIBS counterpart, we expect it to be sufficient for a correct
interpretation of some mineral types.

Following training we extend our analysis using a test sample to which we apply our

trained model and test its generalization capabilities.
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Figure 5.6: A. Classification results obtained by applying our training pipelines to a
training region. B. Classification results obtained by applying our trained models to a test
sample region

Starting by analysing the performances of the standalone technique as seen in Figure
5.6, it becomes evident that LIBS and HSI provide very different results. In LIBS we can
see that the results are in good accordance with what is expected from an analysis of the
sample figures, only noting some incorrect classification of Quartz and Mica in sample B,
along with some mineral transition regions, as a result of edge effects, extensively reported
in literature that are a consequence of crater size (spatial resolution), meaning that mineral
boundaries often contain information of more than one mineral. In HSI on the other hand
it is clear that the PCA-based method has a poor performance and isn’t able to handle
the complexity of hyperspectral data, as is seen by the lack of agreement of the test and

training samples. Finally, the data fusion approach seems to provide a good agreement
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with the sample figures, possibly overperforming the LIBS-only classification as it seems
to better handle the transition regions, in addition to some previously unidentified Quartz
regions now being correctly identified.

In addition to the obtained results, one must mention that the advantages of data
fusion aren’t limited to better classification performance but also to higher degrees of
intepretability. By averaging the HSI spectra and LIBS emission lines at the cluster regions,
we obtain the centroid composition (see Figure 5.5), which shows the average elemental
composition using the LIBS radar chart and the average absorption spectra for each mineral
type using HSI modality. This may facilitate the cluster labeling stage and enhance its
interpretability, by providing more information that can be cross-checked. On another
note, this approach may also compromise the versatility of these techniques, due to a more
complex pipeline, while not significantly improving the results from LIBS-only, and being

limited by the technique of lower resolution.

5.3.2 Multimodal Spectral Knowledge-Distillation

From the results of the previous section it has become clear that HSI doesn’t perform as well
as other techniques in the task of mineral identification, however this is likely not caused
by poor information spectral content, but because of intermediate steps, mainly PCA. This
is because PCA looks to find feature transformations that conserve variance in the original
data, and while it is successful in this job, low variance components, which are frequently
dropped in the process, might be superior predictors for specific assignments, often calling
for a loadings analysis where each component is assigned to a specific combination of
features and some are even filtered as they are related to noise and distortions present in
the data. Such analysis isn’t however trivial and scales with the complexity of the data,
and the variance threshold ends up being the most often used metric to select the amount
of components.

With this in consideration, we developed the MSKD pipeline from Figure 5.3 that uses
a superior knowledge technique, in this case LIBS to train HSI. For this purpose we again
opted to use the same training set as in the previous section, choosing PLS-DA as the
supervised classification algorithm, as a consequence of its proven effectiveness handling
hyperspectral data [69]. The choice of PLS-DA makes it so that we must identify the num-
ber of components we want to use and that is done thought predictive error analysis, using

the LIBS data as the ground truth, being careful to prevent overfitting. From Figure 5.7
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Figure 5.7: Predictive error on training the PLS-DA algorithm using the test sample as a
benchmark and LIBS labels as the ground truth.

we can see that the predictive error appears to reach a minimum at around 17 components,
which wound up being the number of components used in our analysis.

Figure 5.8 shows the results of the training section, and although some differences can
be noted comparing to the sample image, classification is on par with the one obtained
from LIBS, meaning its exhibits significantly better performances than the standalone HSI
approach. Based on these results, we tested the generalization performance of the model
on other samples, noting that for this testing, only hyperspectral data is required, which
means that from this stage forward, we are not restricted by possible limitations of another
technique, and we can work at faster acquisitions speeds, using the full resolution of the

hyperspectral camera.
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Figure 5.8: Classification results from the testing set, using Multimodal Spectral Knowl-
edge Distillation pipeline.

The results enclosed (see Figure 5.9) in the testing sets demonstrate that the proposed
method outperforms the standard PCA + KMeans pipeline, despite some minor misclassi-

fication of Quartz regions in cluttered areas of sample A and borders of sample B, showing
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that in fact, this method was able to effectively transfers the LIBS knowledge to leverage
the features of HSI and enhance its capabilities. Considering the versatility and higher
throughput of HSI compared to LIBS, the developed model has potential for applications

in various industrial and scientific domains, facilitating faster and more accurate workflows.
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Figure 5.9: Classification results from the training set, using the trained Multimodal
Spectral Knowledge Distillation model.

Given HSIs versatility and higher throughput compared to LIBS, the established learn-
ing model could be used in a variety of industrial and scientific applications speeding up

workflows while granting the necessary results.

5.4 Overview

In this chapter we looked for possible synergies that arise from combining spectral imaging
techniques, more specifically, LIBS and Hyperspectral imaging. For that purpose, two
approaches were taken in consideration for the particular case of mineral identification: a
sensor fusion approach, that combined the data of the two modalities; and a knowledge
distillation approach that uses one modality to train the other one.

The results showed that when considering the standalone approaches, LIBS has a clear
advantage in classification capabilities, with HSI severely lacking in comparison to it. Com-
bining the data from both however, did slightly improve the performance when compared
to LIBS and we believe that samples where LIBS struggles could highly benefit from this

approach, which shall be explored in future works.



52 New tools for high performance of LIBS Imaging

For the knowledge distillation approach, we were able to successfully train a model
that takes hyperspectral data as an input which is much faster to acquire, using the LIBS
technique as a supervisor during training, allowing us to obtain much better classification
results of the hyperspectral technique when compared to its standalone counterpart. In
future work, we plan on taking advantage of this pipeline and adopting it for industrial

applications, where typically high throughput is mandatory.



Chapter 6

Conclusion

The subjects developed over the course of this thesis have been motivated by the currently
underexplored capabilities of the promising LIBS-based Imaging technique, in particular
the development of new advanced tools to support the currently adopted analysis pipelines
was presented, aiming for a better comprehension and quality of final results.

For that purpose, three different problems related to LIBS Imaging were studied: fea-
ture finding, data visualization, and collaborative approaches. Feature finding is the pro-
cess of detecting the main informative sources providing valuable details that allow for
consecutive analysis to be conducted. This step is crucial in LIBS since the information is
contained within the specific emission lines of each element meaning that for the majority
of cases most of the spectrum can be discarded. For this purpose, the average spectrum
and dimensionality reduction techniques such as PCA are often used and have become
standardized within the LIBS community but lack in regards to interpretability and often
disregard important information due to the signal-to-noise ratio. With this in mind, we
developed an automatic map finding technique based on the Fourier Transform, giving us a
metric to easily identify emission lines with spatial structures of relevance. Additionally we
tested a multiprocessing implementation, to allow for faster runtimes taking a step closer
to obtaining real-time analysis capabilities.

Chapter 4 was devoted to data visualization. Here we deployed a solution for the
projection of the spectral imaging data on three-dimensional models, using a pipeline that
combines a point alignment solution with manual spatial feature selection to find a suitable
set of transformation parameters that correctly align the spectral data to the 3D models.
We then argued that this approach has the potential to enhance the overall experience of

data visualization and analysis as it may allow a deeper understanding of the relationships
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between the various physical quantities measured and the properties of the sample surface
by providing a contextual interpretation either in planar or non-planar geometries.

Lastly we explored the potential of collaborative approaches to enhance the perfor-
mance of standalone analytical techniques for sample characterization. Here we focused on
two techniques: laser-induced breakdown spectroscopy (LIBS) and hyperspectral imaging
(HSI), where we proposed two methods to combine them: one based on data fusion, and
another based on knowledge distillation. In the data fusion method, we integrated the
spectral information from both techniques in a mid-level fusion, to train a classifier. We
found that this method slightly improved the accuracy, while also allowing for a great
degree of intepretability of the results, however, the data fusion method was constrained
by the lowest resolution and smallest throughput of the two techniques. In contrast, in
the multimodal spectral knowledge distillation method, we used the high accuracy of LIBS
as a teacher to guide a student model that learned from HSI data. We found that this
method significantly improved the accuracy and generalization of HSI classification, while

maintaining its high resolution and throughput.

Perspectives and Future Works

LIBS-based imaging is a cutting-edge technique that offers fast and reliable spectral anal-
ysis in various environments and applications, such as biology, geology, industry, and
remote sensing. However, there are still many challenges and opportunities to improve and
extend the capabilities of this technique, from the acquisition to the interpretation of the
data. In this thesis, we have proposed novel methods and tools to address some of these
challenges and to demonstrate the potential of LIBS-based imaging in different scenarios.

Some possible directions for future research based on our work are:

e Map finding algorithm: the algorithm could be applied to other tasks, such as data
compression, where we could exploit the sparsity of the LIBS images to reduce their
size and storage requirements. Moreover, this algorithm could be optimized for high-
performance computing systems, where we could leverage parallelization and dis-

tributed computing techniques to achieve real-time LIBS imaging analysis.

e Data visualization: This pipeline could be a stepping stone useful for various appli-

cations beyond the academic domain, such as education, and industry. Future work
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could focus on further automating this pipeline and integrating it with virtual lab en-
vironments, where users could interact with realistic simulations of LIBS experiments

and learn from them.

e Multimodal Spectral Knowledge Distillation: This approach could be extended to
other combinations of sensors and techniques, such as Raman spectroscopy, X-ray
fluorescence, or infrared spectroscopy. Furthermore, this approach could be particu-
larly beneficial for remote sensing applications, where HSI is widely used but often
suffers from low interpretability and atmospheric interferences. By using ground
measurements of LIBS or other techniques as teachers, we could enhance the perfor-
mance and capabilities of remote sensors, which could have a great impact on various

domains, such as environmental monitoring, agriculture, or security.
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