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Resumo

Espectroscopia de Plasma Induzido por Laser (LIBS) é uma tecnologia que permite de um forma
rdpida e com pouca preparagdo, a leitura de amostras para determinag@o da sua composi¢do. O
LIBS extrai informagao sobre a amostra, recolhendo as linhas espectrais formadas ap6s uma rotura
de ligacdes moleculares, permitindo identificar e quantificar cada constituinte presente. A andlise
destas diferentes emissdes no plasma contém informacao sobre os elementos quimicos, is6topos
ou moléculas e € utilizado para trabalhar amostras complexas.

O LIBS ¢é uma ferramenta emergente, sendo atualmente utilizado em diversas areas, desde
as mais industriais as maioriamente tecnoldgicas assim como no setor da sadde e farmacéutica.
O LIBS permite aceder com precisdo elevada a esséncia das amostras, interpretando a sua com-
posicao quimica de uma forma pouco evasiva.

Apesar da praticabilidade do LIBS, analisar o seu sinal ndo ¢ trivial devido a sua complex-
idade e dos fendmenos fisicos presentes. A resolucdo finita dos aparelhos ndo permite assumir
a exclusividade das linhas espectrais de cada elemento e a incerteza quantica ndo permite que o
processo de identificacdo dos elementos seja direto as bases de dados existentes (p.e. NIST).

Esta dissertacdo enquadra-se no plano de investigacdo do INESC TEC — Centro de Foténica
Aplicada (CAP) e visa contribuir para a quantificagdo de elementos em amostras geoldgicas ou
outras por técnicas, no CAP desenvolvidas, de processamento de sinal e inteligéncia artificial com
auto-aprendizagem.

O principais objetivos desta dissertagdo contemplam a contribuicao no pré-processamento do
sinal LIBS, desenvolvimento de inteligéncia artificial e a realizagdo de andlises comparativas dos
diversos métodos do estado da arte de inteligéncia artificial para os atualmente utilizados em lab-
oratérios avancados. Primeiramente serd abordada uma resumida revisao bibliografica do LIBS e
das diferentes técnicas de quantificacdo para processar o seu sinal. Numa segunda fase, uma ex-
ploracdo do equipamento laboratorial disponivel, métodos a serem utilizados e dados considerados
relevantes.

Com esta dissertacdo tem por objetivo demonstrar e testar melhorias no processamento de
informagdo LIBS face ao estado da arte. Parte do material desenvolvido sera utilizado na escrita
de um artigo cientifico, a ser submetido para uma revista de especialidade indexada (Q1 ou Q2).

Palavras chave: amostras geoldgicas; auto-aprendizagem; inteligéncia artificial; inteligéncia
artificial explicavel; laser-induced breakdown spectroscopy.
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Abstract

Laser-Induced Breakdown Spectroscopy (LIBS) is a technology that offers the possibility to deter-
mine fastly and without much preparation, the composition of a sample. LIBS extracts information
from the sample by acquiring spectral lines emitted during the molecular breakdown process, al-
lowing the detection and quantification of each present element. The analysis of the different
emission lines contains information about chemical elements, isotopes and molecules, interpret-
ing complex samples.

LIBS is an emerging tool that is used in many different areas, from most industrial to the most
technical ones, being also used in the healthcare sector. LIBS allows access with high precision to
the samples’ essence interpreting their composition in a minimally invasive way.

Besides LIBS’ practicability, the signal’s analysis is not trivial due to its complexity and the
physical phenomena present. The finite resolution of the devices does not allow the assumption of
the lines’ exclusivity and the quantum uncertainty exists, so the elements matching to the existing
databases (e.g. NIST) is not direct.

This dissertation is inserted in the research plan of INESC TEC - Center for Applied Pho-
tonics (CAP) and aims to contribute to the quantification of the elements on geological samples
and CAP’s developed techniques for signal processing and application of self-learning artificial
intelligence.

This dissertation’s prime objectives comprise the contribution to the pre-processing of LIBS
signal, development of artificial intelligence, and benchmarking the state-of-art techniques against
methods used in cutting-edge laboratories. In a first stage, it will be addressed a resumed bib-
liography review on LIBS and its different quantification techniques and in a second stage, the
exploration of the available laboratory devices, methods to be used and the relevant data.

This dissertation has as objectives the demonstration and improvement testing on LIBS data
processing against state-of-art methods. Part of the materials developed will be used on a scientific
article to be submitted to an indexed specialized journal.

Keywords: artificial intelligence; explainable Al; geological samples; laser-induced break-
down spectroscopy; self-learning; self-teaching.
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Chapter 1

Introduction

1.1 Context

This dissertation aims to develop an automated smart Laser-induced Breakdown Spectroscopy
(LIBS) system. Some of the challenges of applying LIBS techniques include analysing complex
samples by extracting the emission lines after a molecular breakdown and interpreting the time-
course plasma emission dynamics as a molecular fingerprint for identification and quantification.
This emitted plasma is usually not composed of pure elements but a mixture of them, making the
identification process complicated. What is more, physical aspects must also be considered, such
as the Stark effect, scattering, Doppler effect, straylight effect, baseline removal, the temperature
of the plasma, etc. The purpose of applying self-learning Al is to analyse high-resolution spec-
troscopic data to understand the mechanics and quantum models behind the sample to assure the

identification, almost in the near-deterministic category, to be as straightforward as possible.

1.2 Motivation

While other plasmas are induced by electric arc discharges or microwaves, in LIBS systems, as
there is not enough energy to ionize the sample directly, it is done by the laser’s thermal effect,
which can heat it to several thousands of Kelvin. The plasma is produced by the laser pulse inter-
action in a given sample resulting in an ablation vapour that can be analyzed through its dispersion
in the spectrometer and whose atomic emission lines are recognized. Besides the plasma initiation
to its expansion and the associated shock waves, are present other phenomena. Many theoretical
models have been developed in the last years but are only applicable under idealized conditions.
Given the complexity, this kept investigators exploring new approaches, and it is, on that point
of view, the starting-point of this dissertation. The challenge includes correction methods and
Self-Learning Al to deal with the analysis’s hurdle on Laser-Induced Plasmas. Nevertheless, in
a very embryonal stage, this emerging tool has gained much popularity against other techniques

and, given the promising results, it is being used by NASA on their current missions on Mars.



2 Introduction

1.3 Objectives

This thesis is within the framework of the LIBS photonic Research and Development of the Centre
for Applied Photonics (CAP) of INESC TEC, giving me, as a student of this Master’s, the possi-
bility to work with and to further acquire expertise in cutting-edge technology. The objetives for
this dissertation include an extensive analysis of LIBS quantitative methods and data processing

to implement SL-AI quantification of elements and molecules in geological samples.

1.4 Structure
The final document will be structured the following way:

* Brief bibliography review on LIBS;

* Possible quantification methods;

* Signal pre-processing;

* Benchmarking Deep Learning algorithms with and without the pre-processing stage;

* Benchmarking Self-Learning Al with state-of-art models.



Chapter 2

LIBS Literature Review

Laser-Induced Breakdown Spectroscopy is a method used to determine a sample’s composition.
Such is possible by using a high power laser pulse focused upon a certain surface that breaks the
molecular structure and creates free electrons, absorbing the rest of the laser energy due to physical

phenomena, and creating a crater on the surface of the sample (ablation).

The plasma, containing the removed matter, can be analysed through its emission lines to
identify and determine the sample’s composition. The apparatus of a typical LIBS application
is straightforward, as it is possible to check on figure 1, turning this method more advantageous
compared to other analytical methods. However, some drawbacks can also be addressed, such
as matrix effects on choosing wrong emission lines for quantification and self-absorption due to

in-plasma processes.

The LIBS implementation sample’s preparation is not needed, which is significantly beneficial

to using it on-site with portable devices.

Laser -
Focusing lens YY
Plasma Sample
Spectrometer -,-_-_‘_'_""'w x

Figure 2.1: LIBS typical apparatus



4 LIBS Literature Review

2.1 Laser Induced Plasma

The breakdown, firstly characterized in the early sixties, results in a spark defined by the generation

of ionized gas, as seen in equation 2.1

4
Np = ?ﬂh3n0 > 1 @2.1)

where no(m~3) represents the concentrations of ions and free electrons and / the Debye length,

given by expression 2.2

&kT,
eZng

h= 2.2)

where T,(K) is the temperature of the plasma, & the vacuum’s permittivity, k the Boltzmann’s
constant and e(C) represents the fundamental charge. These expressions (2.1 and 2.2) assure that
the plasma is ideal and Debye’s ions shielding theory is applicable. On figure 2.2 it is possible
to see the line separating the ideal plasma from the non ideal and, marked by a circle, the Laser
Induced Plasma.

T T T T T
| eI .
|deal Plasma | Lo I,
|, |
< A Laser !
o . Induced !
8 10°F ! Plasma ’ |
T : | A
g- | |
[ .| |
2 RO l
o | - |
B | |
Lih]
3] | |
: Non ldeal Plasma
103 L M| ....l L Ll ..l L Ll 1
1014 IO‘IS 1015 101? | 18 1019 1020

electrons density number (c '3)

Figure 2.2: The ideal Laser Induced plasma. Extracted from Rakosky [1].

2.2 Laser Induced Breakdown

The energy distributed to the Laser Induced Plasma, similarly to other discharges, is due to ki-

netic energy generated by the electromagnetic field creating free electrons either by multi-photon
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ionization effect or by collisions between electrons and neutrons. Numerically, it is possible to

represent the photon’s energy by the equation 2.3

E=h (2.3)

<
A

where h(m?kgs™"') is the constant of Plank, c(ms~') the speed of light and A (m) the wave-
length.

2.3 Post-breakdown

During the post-breakdown, free electrons are present within the plasma, absorbing the rest of the
laser energy that was not consumed in the breakdown, via inverse Bremsstrahlung effect. This
process leads to plasma heating and additional ionization [1]. The electron concentration also

increases being described by the equation 2.4

eZng
w, = 2.4
b =1/ P (2.4)

where ,(Hz) is the frequency of the plasma, e(C) the fundamental charge, & (Fm™!) the

vacuum’s permittivity, m, the mass of the electron and n¢ the concentration [6].

Above a specific value, plasma loses its transparency. This is due to plasma shielding that
impedes the laser pulse to reach the plasma’s lower parts. When separated from the plasma,
the formed shock wave can supply further heating for the laser to reach the inner parts. This
phenomenon, referenced as laser-support combustion (LSC), happens when the irradiance is below

a certain threshold, and the resulting vapour starts at the sample’s surface [7].

2.4 Local Thermodynamic Equilibrium

To determine the atomic state distribution function (ASDF) collisional processes have to be taken
into account, considering both excitation and deexcitation, ionization and recombination phases;
and radiative processes comprising photo-excitation, radiative decay and Bremsstrahlung effects.

When the electrons’ density is considerably high, the radiative processes are negligible com-
pared to collisional processes. Thus, collisions between electrons are likely to be higher than by
photon’s absorption or emission. This state is described in the literature as a local thermodynamic
equilibrium.

As collisional deexcitation is faster than the radiative one, it applies to the ASDF the Boltz-
mann distribution 2.5. The temperature will be represented by the Maxwell distribution function

2.6 for the velocity of the electron.

T (2.5)




6 LIBS Literature Review

Cik = ne (Ve Oix) (2.6)

where v, is the velocity of the electrons and ¢ Born’s approximation for collisional cross-
section.
Also, to access plasma’s LTE, two criteria should be considered. For a certain 7 Temperature
and n, electron density the expression 2.7:
T(t)—T(t+ Trer) ne(t) — ne(t + Trep)

() <1 (1)

where T,,; is the relaxation time to set ionic equilibrium. The time can be given by different

<1 2.7

phases of the Laser-Induced Plasma evolution: directly on the breakdown, during plasma expan-
sion or in the cooldown phase.

Additionally, other criteria 2.8 should also be addressed to deal with plasma inhomogeneity
generated by strong gradients. This disturbance on the plasma’s edge is a direct consequence of

the particles diffusion.

T(x)—T(x+Ap)
T (x)

<1 ne(x) n’:(ngr;LD)

<1 (2.8)

where

A =/Dta (29)

is the length of the diffusion during relaxation time [8]. The particles in which diffusion time

is significantly high, are considered in these criteria, being given by the expression 2.10:

kT

NiMy

D=~3x10" (2.10)

where kT is represented in eV, Nj;(cm™3) is the number of ions and M} its relative mass.

These criteria are critical to decide where LTE and Saha’s equations apply to determine the
emission lines, as seen on figure 2.3, showing a typical LIBS spectral emission since the ablation
process until the ion emission phase. The method used in this dissertation, better described in
section 3, uses several spectral sub-optical lines and projects it into a one-dimensional vector

stored in a data matrix for further processing.
2.5 Quantitative analysis methods
LIBS offers great potential for in situ and real-time analysis without sampling preparation step.

This lack of preparation is translated in quickness and versatility on a qualitative analysis stand-

point. For quantitative analysis, we have to consider other aspects as LIBS requires some standards
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Figure 2.3: LIBS spectral emission in LTE: 1) Laser’s ablation; 2) Ion emission spectra; 3) Sub-
optical spetral lines; 4) Projection of multiple lines in a one dimensional vector; 5) Data storage of
the multiple sub-optical spectral lines in a multiple dimensional vector; (Extracted from Martins,
Rui et al. [2])

and calibration. Therefore matrix-matched are not available in some situations. As mentioned be-
fore, the matrix effect involves dealing with the ablation process, emission of free electrons, laser’s

plasma absorption and the resulted temperature.

2.5.1 Calibration Free - LIBS
2.5.1.1 Applications

Calibration Free methods are based on two different equations: Boltzmann’s distribution, associat-
ing each intensity line to the corresponding temperature on a given ion’s excitation state and Saha’s
distribution, grouping the ions population onto different clusters (the higher the temperature, the
distribution changes to upper states). Saha-Boltzmann combines the previous distributions be-
ing used to predict plasma’s temperature, electronic density and ion distribution for each element.
Given the distribution, the concentrations can be estimated in percentage terms. CF-LIBS is a help-
ful vehicle for problem analysis, particularly the selection of unknown samples. More often, CF-
LIBS techniques have been used in industry, namely aluminium [5,9-12], steel and iron [11-13]
and copper [14-19] alloys but also in glasses [20], soils [21-23], and meteorites [24].

The majority of the CF-LIBS mentioned rely on atmospheric air acquired spectra and nanosec-
ond pulse lasers for excitation source. De Giacomo et al. [18] weighed the spectra analysis results
of copper allows with nanosecond and femtosecond pulses. In general, and as it is possible to ver-
ify on table 2.1, the Nd: YAG laser with 1064 nm of wavelength was the preferred one, while other
groups also have used ultraviolet or visible radiation. The variation of the laser’s pulse energy

varies from about 1 mJ to 100 mJ. Mostly, CF-LIBS has been used to analyse the spectra within
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the UV-visible-near IR range. Still, vacuum UV range can also be measured. CF-LIBS analysis on
acquired successive spectral windows with ample range spectra has also been proven with pretty
acceptable results [12]. The critical aspects are the instrument’s accuracy while characterising an
entire wavelength range and the plasma’s balance during all the measurement procedure.

It is important to mark that the effort to apply CF-LIBS methods was motivated by measuring
on-site. Though, it is hard to determine the results’ accuracy regarding unknown samples. For
that, several statistical analysis to evaluate the performance can be applied [25,26]: multi-element

quantitative analysis methods are widely used in spectroscopic activities.

2.5.1.2 CF-LIBS Approach

Ciucci et al. [27] and Tognoni et al. [28] describe the algorithm used to apply CF-LIBS and the un-
derlying assumptions. The idea behind the approach resulted from the conclusion that the emitted
plasma is highly sensitive to matrix’ changes. The other way around, it is possible to measure ma-
trix’ changes through LIBS spectrum analysis. Strictly speaking, Ciucci et al. [27] hypothesized
that the information contained in the spectrum is all that is necessary to derive the matrix’ compo-
sition. Despite the high complexity of the laser-induced plasma which description is not achievable

by simply utilising mathematical approaches, several assumptions are frequently adopted:
* The composition of the plasma is representative of the undisturbed target composition;
* The plasma is both temporally and spatially in local thermodynamic equilibrium (LTE);
* The plasma can be represented as a homogeneous source in a spatial measurement window;
* The plasma’s spectral lines are individually optical thin.
These techniques have qualitative rightness degrees as Saha-Boltzmann approximations do not
comprise all complex phenomena of the plasma.
2.5.1.3 Elements identification

When analysing unknown samples, spectral lines have to be confirmed and matched to a probable
element, like so, a correct recognition of the elements is necessary. Also, it is important to choose
the proper lines for quantitative analysis. De Giacomo et al. [24] gives four criteria to select the

appropriate lines well:

» For a given element, no resonance lines if the concentration is higher than 6000 cm~! to

reduce the self-absorption effects;

* Not consider lines with spontaneous emission rate lower than 2x10°s~! as this is equal to

the plasma’s time scale variations;
* Not choose ionic lines according to Saha’s equilibrium;

* Avoid high-intensity spectral lines to avert overestimation.
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Table 2.1: CF-LIBS methods: quantitative analysis on different samples (Extracted from Tognoni

et al. [5])
Target Buffer gas Excitation Hardware Reference
source
Aluminium | Air Nd:YAG Echelle spectrograph and | [5]
alloy 1064nm ICCD, spectral range
230-900 nm
Aluminium | Air Nd:YAG Grating spectrometer and | [9]
alloy 1064nm, 1.5 mJ | ICCD, spectral range
200-800 nm
Aluminium 0.1 mbar air | Nd:YAG 1064 | Grating spectrometer and | [10]
alloy nm, 90 mJ ICCD, spectral range
220-700 nm
Aluminium Air Nd:YAG 1064 | Ocean Optics LIBS2500- | [11]
alloy nm, 200 mJ 7, spectral range 200-980
nm
Aluminium | Air Nd:YAG 1064 | Grating spectrometer and | [12]
alloy nm, 90 mJ ICCD, spectral range
220-700 nm
Steel, iron- | Air Nd:YAG 1064 | Ocean Optics LIBS2500- | [11]
based alloys nm, 130 mJ 7, spectral range 200-980
nm
Steel, iron- | Air Nd:YAG 1064 | Echelle spectrograph and | [13]
based alloys nm ICCD, spectral range
200-1100 nm
Cooper Air Ruby laser 694 | Spectrometer and CCD, | [14]
alloys nm, pulse width | spectral range 280-770
25 ns nm, spectral  range
200-1100 nm
Cooper Air Nd:YAG 355 | Grating spectrometer and | [15]
alloys nm, 20 mJ ICCD, spectral range
180-850 nm
Cooper Air Nd:YAG 1064 | Echelle spectrograph and | [16]
alloys nm ICCD, spectral range
200-900 nm
Cooper Air Nd:YAG 1064 | Imaging spectrometer and | [17]
alloys nm, 200 mJ ICCD
Cooper Air Nd:YAG 532 | Grating spectrometer and | [18]
alloys nm, 280 mJ ICCD
Cooper Air Nd:glass 527 | Grating spectrometer and | [19]
alloys nm, 2.5 mJ, 280 | ICCD
mJ
Soils  and | Air Nd:YAG 1064 | Echelle spectrograph and | [22]
rocks nm, 25 mJ ICCD, spectral range
280-1000 nm
Soils  and | Air Nd:YAG 532 | Grating spectrometer and | [23]
rocks nm, 22 mJ PMT
Meteorites Air Nd:YAG 532 | Grating spectrometer and | [24]
nm ICCD
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2.5.1.4 Discussion

According to the earlier literature, CF-LIBS methods approximate the plasma’s state-of-art, with
successful results on simple samples but fails on the most complex ones as it does not contemplate
the other phenomena present in LIBS signal. Nonetheless, CF-LIBS is an acceptable analytical
method for unknown samples characterization, despite only providing a qualitative estimation of
the trace elements.

The investigated literature is generous on the quantity and quality of information. However,
it still lacks statistical approaches for systematic analysis with large data sets and experimental
variable settings which would be beneficial for confirmation and completion on the investigation
led by Herrera et al. [12] and De Giacomo et al. [24].

2.5.2 Chemometrics-based methods

Unlike the calibration-free techniques mentioned and its local thermodynamic equilibrium as-
sumption, classic chemometrics methods show up as an interdisciplinary procedure to extract
valuable information from LIBS spectra in a very accurate, qualitative and quantitative way. These
supervised methods [29] are based in a pre-calibration phase with known concentration samples.
Some of the most advantageous features gather signal analysis, data processing and pattern recog-
nition.

One of the chemometrics approach techniques is the standard calibration curve [30] that plots
the selected line’s intensity against known concentrations of a determined calibration set. It is also
possible to apply more sophisticated methods like partial least-squares regression (PLSR) or neural
networks. These procedures with proven reliability and accuracy on qualitative and quantitative
analysis [31-33] have been widely used in LIBS, focusing on improving its performance.

Hernandez et al. prove PLSR’s efficiency and robustness [34] on matrix effects multivariate
treatments when analysing complex spectra, providing good selectivity on LIBS spectra lines to
predict elements’ concentration [35]. Though it was still pointed out, due to PLSR nature and
strong lines’ self absorption, it was impossible to completely model the plasma’s saturation effect
totally. That being said, it is mandatory to use an additional method, as LIBS is characterized
by its signal nonlinearity [36]: artificial neural networks (ANN) grant an adequate answer in this

matter.

Sirven et al. [37] conducted a study by directly comparing, on the same spectra, the accuracy,
precision and limit of detection between the PLSR and ANN techniques. It was used a Nd:YAG
laser producing 7 ns pulses with a 3 Hz repetition of a 3 mJ shot. Among other experimental setup
hardware, it was used the Oriel MS260i spectrometer and an Andor iStar CCD detector.

Principal component analysis (PCA) is a very common methodology to classify spectral infor-
mation in Chemometrics [29]. Several authors [38—41] have used this method, giving the possi-
bility to perform a dimension reduction by representing the data set in fewer variables that contain

the majority of the relevant information.



2.5 Quantitative analysis methods 11

Usually, orthogonal signal correction (OSC) is used before applying PLSR to remove uncor-
related concentration’s information to improve its overall performance and to reduce the number
of principal components to the optimal level [42].

Artificial neural networks (ANN) can be utilised to retrieve spectra’s concentration. It is a
valorous nonlinear optimisation system with the following mechanism: each neuron is preceded
by one or more inputs dynamically weighted. The neuron relates the sum of the inputs to a certain
threshold. The computed output is applied via a nonlinear function (sigmoid, tangent). The term
"network" comes when the neurons are organised in layers to achieve the nonlinear classifica-
tion. Sirven et al. [37] used a three-layer network whose inputs receive the wavelengths’ intensity
followed by a hidden layer and finishing with one neuron (one output) as it is only desired the anal-
ysis of one element. The calibration/optimisation phase consists of changing the weights between
neurons, so it is possible to relate the predicted and the true concentration values. The validation
phase comes right next to where a validation set is used to check the network’s performance.

The models’ comparison was performed by using an average relative prediction error (REP)

to evaluate the accuracy:

1 N,
REP(%) = OOZ
N =

éi—Ci

@2.11)

Ci

where N, is the spectra’s validation number, c; the real concentration and ¢; its estimation. The

precision of the prediction is returned by the relative standard deviation (RSD):

100 Nconc .
RSD(%) = — }" Z« 2.12)
conc j—1 Ck
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=Y (c"__cl") (2.13)
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where N, is the validation set’s number of unique concentrations and p the sprectra for each
concentration. o, represents the standard deviation of the concentration oy. The limit of detection
(LOD), according to the International Union of Pure and Applied Chemistry (IUPAC) definition,
is determined by:

30,
b

where the signal s = a 4 bc is obtained by the regression.

LOD(ppm) = (2.14)

2.5.2.1 Calibration Curve

Firstly, to apply the standard calibration curve, several normalizations like spectra smoothing and

residual baseline removal were performed.

» Normalization concerning the matrix by aligning the matrix species [43,44];
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* Normalization by background, offsetting plasma’s fluctuations due to laser’s emitted energy,

spatial variations or irregular surfaces [37];
* Normalization by the area supporting the spectrum [45].

As Sirven et al. [37] demonstrates, normalize by the iron line shows to have acceptable re-
sults in relative error of prediction (REP) terms. On the other way around, normalizing by the
background gives a better relative standard deviation (RSD). The best result for this experiment
was obtained by the spectrum area. As the author explains, smoothing does not have a significant

improvement in prediction accuracy.

2.5.2.2 Partial Least Squares Regression (PLSR)

Despite the good results obtained via calibration curve method, using a multivariate full-spectrum
method like PLSR is foreseen to have better efficiency. To have a valid comparison, PLSR was
applied to the same dataset as the one used for the calibration curve. The author selected the five
calibration spectra that best represented it, leaving five others to validate the system. PLSR model
was after calculated and further characterized. Via optimization concluded that three components
were the ideal number to represent the spectra (neither missing valuable information nor overfitting
the model). As reported, just a PLSR as a spectra bandwidth’s function prove that validation’s RSD
was improved by more than 40%.

OSC was subsequently applied to the various datasets and comparing the changes again on
accuracy and prediction’s precision, backed improvements in the RSD, despite enhancing overfit-
ting risk. This time, smoothing improved PLSR predictions as it, by definition, heightens spectral
information and suppresses the residual baseline [46].

With this analysis, PLSR was proven not to be suited for a wide dynamic LIBS measurement
since only intense lines let a considerable signal trace spectra’s elements. That being said, neural

networks might have the answer for predicting concentrations over a broader range.

2.5.2.3 Artificial Neural Networks (ANN)

This study used the same dataset, this time with a three-layer neural network with five calibration
spectra and five others to validate. The hidden layer was optimized by testing between 1 to 10
neurons: four hidden nodes were proven to be the best performing. For the network calibration,
the fittest learning speed was obtained for 50000 iterations. By deriving the spectra, the effect
of smoothing was also tested, not showing to improve more than what was achieved on PLSR
technique. It was confirmed that the derivative induced a better performance regarding accuracy
and precision, but only showing a slightly higher limit of detection (LOD).

When compared to the calibration curve method, all three comparison parameters: REP, RSD
and LOD are improved by 2. For PLSR method, they are divided by a factor of 3.

These results illustrate the power of ANN concerning nonlinear variables’ relationships, so it

is possible to extract valid spectra quantitative information. Even when the concentration range
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reduced, the overall performance was hardly impacted, concluding Sirven et al. that it was the

most powerful tool tested.

2.5.2.4 Discussion

As for the conducted research among chemometrics-based methods (calibration curve, partial
least squares regression and neural networks methods), it was used a spectra dataset obtained in a
controlled LIBS environment giving the possibility to investigate how the spectra normalization,
smoothing or derivation can impact accuracy and precision of the results. Regarding the men-
tioned methods, neural networks were established as the best performing method, almost twice as
good as the standard calibration technique. PLSR had the worst performance principally due to

the nonlinearity within spectral intensities and plasmas’ self-absorption.

2.5.3 Deep Learning methods

Notwithstanding the previous techniques, other types of networks can be addressed, i. e. con-
volutional neural network (CNN). CNN is a deep learning algorithm inspired by animals’ visual
perception and shows reliable results on image recognition and classification. Due to its success,
CNN application has been extended to hyperspectral image classification in LIBS [47].

L.-N Li, et al. [48] study reports a deep CNN construction composed by diversified layers
and using one-dimensional data for the quantitative analysis. CNN performance was compared
with two alternative schemes: back-propagation neural networks (BPNN) and partial-least squares
(PLS).

For that, a preprocessing stage was first applied: subtraction of the dark spectrum and the
spectra’s calibration. When applying BPNN scheme, generally to perform dimension reduction,
it is fundamental to add feature selection, while for a mere CNN algorithm, it can recognise these

features.

2.5.3.1 Build the CNN

Several built-in libraries (Matlab/Python or R packages) can be used to develop deep CNN. Specif-
ically, L. -N Li, et al. used the sequential model with the following characteristic architecture and

which graphical diagram can be seen in figure 2.4.

1. Normalization Layer;
2. Convolutional Layer;
3. Pooling Layer;
4. Convolutional Layer;
5. Pooling Layer;

6. Flatten Layer;
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Figure 2.4: Schematic of a traditional CNN sequential model architecture [3]

7. Dense Layer;

From the figure 2.4 schematic it is possible to detect its core components: convolutional layers
extract and recognize features onto a features map; pooling layers merge into one value the prece-
dent convolution layers; the flatten layer converts the multi-dimensional matrices into one vector;
the flatten layer, or as shown on figure 2.4, "fully connected layer" correlates the vector’s features
and the classification result. The output is computed by an activation function such as sigmoid or
softmax that classifies the data.

The modus operandi for a CNN application usually consists in a division into a training and
a validation set. The training data is introduced in the network, updating the network weights
in every iteration. This is done by outputting the predictions on the already entered data and
comparing to the real values to detect if it correctly fits or if it is needed a weight rebalance.
Once the training process is completed, the validation data is applied to the network to monitor its
predictive aptitude and evaluate in a pre-defined metric; for instance, the root mean square error
(RMSE):

(2.15)

where N represents the number of observations, §; the predicted values and y; the observed
values. This performance test can be perfomed by applying a cross-validation strategy that leaves

one out to examine the network’s accuracy, as explained in [49].

2.5.3.2 Performance and discussion

CNN was compared with BPNN sequential model and the both PLS models: PLS-1 that regresses
a single variable and PLS-2 that regresses two or more response variables [50,51]. It was applied
the same training and validation data and the same cross-validation performance evaluator for

every method.
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By this research, L. -N Li, et al. [48] closed that CNN was the best performing method for
almost all the validation dataset and showing the best accuracy in RMSE terms. As for the BPNN
and PLS-2 the results were quite similar although for PLS-1 came shorted than expected. The
probable explanation given by Dyar [52] for the weak overall results of PLS-1 due to ignoring

elements’ correlations, which naturally pushes up the PLS-2 accuracy as it takes it into account.

2.5.4 Self-Learning Artificial Intelligence (SL-AI)

As presented before, the existing approaches aim to predict a sample’s composition by applying
a training dataset, having a high dependency on previous knowledge. Chemometrics or Deep
Learning both fail on the full dynamic characterization when applied on plasma emission spec-
troscopy, the LIBS case. They rely on black-box approaches, giving a determined mathematical
result when applying certain elements’ input, based on algorithms without any reasoning or in-
terpretability. These neural network-based methods that focus on creating complex feature maps
are extremely inefficient in identifying and quantifying elements with very close wavelengths or
coincidental band regions. Furthermore, when new data is compiled, the whole features map has
to be rebalanced, making it computationally-intensive.

INESC TEC’s Center for Applied Photonics has the main research focus on cutting-edge
laser’s physics and machine learning approaches and, for the last years, advanced with a solution
"Self-Learning Artificial Intelligence (SL-AI)", providing an accurate compositional prediction,
LIBS-complex samples compatible. The success of these technological advancements led to the
register of an international patent under the number W0O/2020/026165 and which stated methods
are the starting point for this master thesis. On section 3 this method will be further analysed.

2.5.5 Artificial Intelligence - Methods Benchmarking

Regarding several studies that have reported successful techniques to quantify and identify LIBS
spectral elements correctly, a natural question arises: which reported method has the best-proven
accuracy. This section will address a few studies that have been later reported on LIBS field of
investigation for comparison and benchmarking purposes.

In 2019, in China, Zhao et al. [53] reported a study to predict lead-contaminated soil. It was
purposely added distinct Pb levels to different soil samples in which was planted tobacco, for two-
four weeks. To evaluate data’s classification performance, the study was conducted comparing
Deep Belief Network (DBN)’s accuracy with two alternative methods: Support Vector Machine
(SVM) and Partial Least Squares Discriminant Analysis (PLS-DA). It was used a Chinese Q-
Switch Vlite 200 laser with 8 ns of pulse duration, 300 mJ of maximum energy and wavelength of
1064 nm. The spectrometer was an English ME5000.

Concerning methods, SVM, a hyperplane separating algorithm, was chosen with a Gaussian
radial basis function. The DBN consisted of two hidden layers with 100 and 30 neurons and

applying a Rectifier Linear Units (ReLu) as the activation function.
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The presented results for the accuracy of lead-contamination soils detection, as seen in Table
, display great overall performance for all methods, putting DBN as the most accurate method
but, attending the nature of the question, detection of contaminated soils, the results still are not
acceptable.

In 2018, Zhang et al. [54] applied LIBS for geological purposes. It was adopted soft indepen-
dent modelling by class analogy (SIMCA) and Principal Component Analysis (PCA) in order to
classify several geological samples. The French Nd:Yag Laser, with its fundamental wavelength
of 1064 nm and 10 ns of pulse width, was used. The spectrometer was a Mechelle 5000 with an
ICCD camera. 25 types of geological samples were used in this experiment to identify differences
within the laser spectra and trace the elements impurities.

Despite the high variability of certain rock elements, Zhang et al. [54] still got an overall
classification accuracy of 94,1% which is pretty acceptable for geological exploration.

Metzinger et al. [55] conducted a study to measure coal’s capability for quality control. Unlike
the other authors, this investigation utilised a hand-held LIBS to study six different coal samples.
The initial LIBS spectral lines were reduced to 18 variables of interest and classified with Linear
Discriminant Analysis (LDA). All measurements were made with a portable LIBScan 25+ with
a ND:Yag laser procucind 50 mJ of maximum energy, with 1064 nm of fundamental wavelength
and 4 ns of pulse duration. The spectrometer was a fiber-optic AvaSpec-2048FT. As described,
the cross-validation test of the produced model, reported a 95,33% of classification accuracy indi-
cating the excellent results for LIBS applicability for coals’ quality control.

LIBS was also implemented in the veterinary field to classify blood hemograms when analysing
cytometry, namely, erythocytes, hemoglobin concentration, and hematocrit. Barroso TG et al. [56]
investigation proves how efficient self-learning can be compared to statistical approaches based on
correlations. The prototype, an Vis-NIR spectroscopy system, can measure the entire blood spec-
trum with a single blood drop.

Another example of Deep Learning algorithms on blood samples was presented in 2020 by
Gaudioso et al. [57] to detect Alzheimer’s diseases in patients above 65. Gaudioso et al. [57], in
their research, used an apparatus composed of an Nd:YAG laser at 1064 nm of wavelength and
30 mm of focal length; and an Echelle spectrometer. As reported, the Quadratic Discriminant
Analysis (QDA) method achieved an accuracy between 75% and 85%, obtained by a manual
feature selection to differentiate the spectra.

Similarly, YanWu et al. [58] used LIBS to discriminate nasopharyngeal carcinoma serum in
2018 by Extreme Learning Machine - Random Forest, achieving an accuracy of 97,7%.

Among several methods used to benchmark the results, the most notable techniques, Local
Partial Least Squares (LocPLS) and Self-Learning Artificial Intelligence (SL-AI) revealed excel-
lent metrics: LocPLS with 90,4% within the reference interval (RI) for the count of red blood cells
in canine species but SL-AI with killing results above 92% inside the reference interval for canine
species and 100% of accuracy outside Rl in feline species.

With the proviso of comparing different sample types, SL-AI on blood samples proves to be
the most efficient one for identification and classification comparing to Deep Learning algorithms.
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The excellent predictions even on small datasets and the reduced computing cost compared to

other methods like chemometrics or ANN-based closes the bibliography review concluding that,

for complex samples like on geology where a full dynamic fingerprint for the different elements is

needed, Self-Learning Al is the most appropriate method to use and will be further discussed on

the next section.

Table 2.2: SL-AI vs Deep Learning - Methods Benchmarking

Hardware Wavelength | Samples | Methods Metrics/Results | Reference
Qsuteh Vit | jgqy | SV A s (53
DBN Acc: 84,11%
gg;ﬁ%gg;eoro 1064 nm g:;’;?slig:l SIMCA | Acc: 94,1% [54]
N /fv‘igg‘fczagngT 1064 nm Sa‘;‘l’;‘lles LDA Acc: 95,33% [55]
Vis-NIR System | 200-1200 nm s:i?;lis Igﬁffl‘s izi ?864;" [56]
CEeheresoon | 106t | L JabA A Ts% (s
815\1}(91121{12%1 eL";;%rO 532 nm S:i?;is ELM-RF | Acc: 97,7% [58]
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Chapter 3

Self-Learning Artificial Intelligence
(SL-AI)

Self-Learning Artificial Intelligence (SL-AI), the technique used to quantify and identify geolog-
ical elements in this dissertation, enters explainable Al space. Meanwhile, other approaches like
ANNSs and Deep Learning can have acceptable results for certain applications and even exceed
humans performance they fail in depending on big data and computational power. Explainable
Al allows the user to understand how the values are outputted and why the system’s entered input
gave a certain response back based on that given input’s contribution. The explainable network
grows in the form of an inverted tree shape grouping the results by explainable features. This is
particularly interesting as the programmer can, in any time, understand what is happening, how it

is happening, when it failed, when it succeeded, etc [59] and act in conformity with it.

3.1 SL-AIfor LIBS

The process of applying SL-AI consists of a first characterization process based on the sample’s
composition. This characterization extracts the spectral information of the sample after the shot of

an intense laser beam on one or more atoms/molecules/isotopes:

* Acquire electromagnetic spectral information’s resolution by gathering one or more spec-

trums;
» Extract one or more spectral lines where its information is sub-optical;

* Project sub-optical lines into a deterministic feature space which is a multiple dimension

vector that aggregates several spectral line.

The current CAP’s state-of-art method extracts, very accurately, sub-optical lines that can be
used as feature variables to further identify and quantify the sample’s constituents. This method
does not rely on big-data information. Instead, there is a search in the trained deterministic feature

space for the matching spectral lines and an explainable model is given throughout each spectral

19
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lines’ contribution and are computed for the quantification and identification of the sample ele-

ments. These contributions can be used to understand the plasma emitted dynamics and quantum

models to develop new instrumentation [56].
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Figure 3.1: Extracion of LIBS spectral sub-optical lines (Extracted from Martins, Rui et al. [2])

Figure 3.1 presents how the LIBS spectral band is extracted and how the lines are deconvo-

Iuted. Represented by the number 9 are the lines recognised as exclusive and by number 11 the

interferent lines.

On the contrary for Deep Learning solutions, SL-AI has the ability to add more data to the

model without having to calculate the entire system. Moreover, as it is a self-supervising con-

struction model, it can be continuously improved by further learning how the lines should be

understood. This is a key characteristic for this thesis subject, as there is not much information on

geology samples, i. e. big-data databases.
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Figure 3.2: Construction of the constituents dynamical fingerprint (Extracted from Martins, Rui et
al. [2])

Figure 3.2 shows the building process of a local feature space (15) from the analysis of various
samples (13) from the global feature space (12). The process of self-learning consists of gathering
different samples of both exclusive (9) and interferent (13) lines from different regions allowing

to build a dynamic fingerprint of the constituent.

3.2 SL-AI algorithm

The process to achieve a correct identification and quantification of the sample elements pass
through several steps. Firstly it goes through a pre-processing stage and afterwards the processing
stage. As seen in figure 3.3, the emitted plasma spectra has its peaks extracted by a local maxi-
mum algorithm. For each maximum is performed a Gaussian fit. The independent peaks are used
to calculate the median FWHM for determining the spectral resolution, defining interest lines. To
build the global deterministic feature space, spectral resolution is used to search in the existing
LIBS Databases (i.e. National Institute of Standards and Technology (NIST)) for the spectral lines
that are specially tunned on that same spectral resolution, according to Richardson-Lucy deconvo-
lution algorithm and extract both independent and interferent lines for the deterministic variables.
Parallelly, samples’ emission lines are used to deconvolute the plasma to minimize the LIBS’s
interferences, as explained in 2 section. The final lines, comprising both independent and inter-
ferent, generate the global deterministic feature space. Given the global space, the constituents
of interest are selected to achieve the local deterministic feature space (constituent fingerprint) for

identification and classification.
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Figure 3.3: Workflow of the identification process (Adapted from Martins, Rui et al. [2])



Chapter 4

Materials and Methods

4.1 Data extraction and processing

From Barroso pegmatite mine, in the north-central side of Portugal, a drill hole 128 meters deep
was studied to validate LIBS measurements for Lithium exploration. The powder from the hole
was processed and kept meter by meter and analysed on INESC TEC - Center for Applied Pho-

tonics facilities.

It was used a 8 ns pulse duration and 200 mJ of maximum energy Q-switched Nd:Yag laser
(Quantel CFR200) with a fundamental wavelength of 1064 nm. The beam (4,74 mm of diameter
and a quality factor of 5.32) was focused on a plano-convex lens with 20 cm of focal distance
followed by a sapphire window with 1.7545 refractive index, placed 10 cm away from the lens. The
emitted light produced upon the fire on the sample was captured by an Avantes CCD Spectrometer
covering a range of wavelengths comprehended between 180 and 920 nm spread over 8 channels,
each one of them connected to its independent optical fiber for collection. Seven from these set
of optical fibres are from the Sarspec Optical Fibers UV/VIS type with 200 cm of length and
200 um of diameter and stainless steel shielded and the last 8th from Avantes FC-UV200-1.5-SR
Optical Fiber type with 150 ¢m of length and 200 um of diameter, solarization resistant. The data

is collected through appropriate software, AvaSoft.

Two independent types of powder were analysed on LIBS, and the respective datasets were
extracted. The standards for the experiment involve a Clean Shot with 410 ws delay and four shots
with 340 us Q-Switch delay. The data comprises 16361 wavelength observations (177,845 nm to
926,621 nm) for 124 meters on the first dataset and 76 meters on the second. The powder from
the mine was also characterised by an Inductively Coupled Plasma Mass Spectrometer (ICP-MS),
which is a crucial tool to evaluate quantifications accuracy, as in this methods, it is the equipment
that gives the reference value. The Lithium lines considered for this study were the 610,5 nm and
the 670,8 nm ones, based on the NIST database.

23
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Figure 4.1: Setup LIBS e AvaSoft Figure 4.2: Optical Fiber apparatus

Given that it will be followed some data-mining on the data alongside with three different
approaches to identify the different dataset clusters, firstly through a more empirical algorithm
MeanShift and afterwards, the most implemented algorithms Support Vector Machine and Artifi-
cial Neural Networks. These will be further explained in the following sections.

4.2 Data-mining

On the data provided by the ICP-MS, considered the ground truth for LIBS methods, it was applied
a Principal Component Analysis (PCA) as it is a vital tool to pre-analyse the data. PCA is a
non-supervised data-mining technique that allows easy exploration of a batch of data, namely
by the dimensional reduction without compromising the majority of the variance and identifying
directions on the dataset (principal components). This is an essential tool that allows the distinction

between required and discardable information.

The original dataset has a compositional classification in the many present elements from the
periodic table (Li, Be, Ba, ...) along all the 124m depth of the ore, from which it was possible to

measure 40 on the available equipment.

The original dataset has a compositional classification in the many present elements from the
periodic table (Li, Be, Ba, ...) along all the 124m depth of the ore, from which it was possible to
measure 40 on the available equipment. As 40 elements are many variables and arduous to analyse,
the dataset was reduced to just a few by applying a PCA. PCA identifies the principal components
as linear combinations of the original dataset. The first principal component aggregates most of
the variance, followed by the second principal component, which is orthogonal to the previous,
aggregating the most significant variation in that particular direction. The orthogonality of the
principal components ensures the uncorrelation of the data in those dimensions. Once the samples

are projected on the first components, it is possible to establish likelihoods and extract patterns.
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4.3 Information Theory

Information Theory (Information-Theoretic Learning) uses concepts of entropy and Parzen win-
dows to efficiently cluster data. One of the most common algorithms for this regard is Mean Shift,
an algorithm with mode seeking properties for density probability functions that can be used to
generate new sample points around the original data for better clustering. With sample densifica-
tion, it is possible to generate a larger number of samples that belong to the original cluster mode.
That gives the possibility to better train a neural network in a scenario that lacks data for technical

difficulties, or cost-wise, are expensive.

4.3.1 Renyi’s Entropy

The concept of entropy used in Mean Shift algorithm was brought by Rényi in 1950 as a general-
ization of other entropy previously presented. Rényi’s non-parametric entropy estimator depends

on a ¢ parameter of a discrete aleatory variable P with the following probability density function

Pk:

Hpo =

*log[/pkdx],0< o <o 00 #1 4.1)
1—a P

The authors of [60,61] associate Renyi’s Entropy of Equation 4.1 with the Parzen windowing
technique given by Equation 4.2, where G represents the Gaussian kernel and is a starting point
for an easier non-parametric estimation:

1 (x—x)Z  (x—x)T

xX) = kexp(— =
(2m)k/2 det(£V/?) 2

) 4.2)

where X is the covariance matrix, that for simplicity can be assumed as X = /. For a dataset
X () ={x1(1),x2(2),...,x;(n)} |i = 1,...N the probability density function can be estimated as:

=

1
=5

1

fx (x) G(x—x;,0?) 4.3)
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4.3.1.1 In-cluster entropy

Substituting Equation 4.3 on Equation 4.5 it is possible to obtain what the authors of [60,61] define
as Renyi’s quadratic entropy:

Hg(x) = —log / fx (¥)dx, o0 =2 (4.4)

The quantity, or Information Potential, is a decreasing function that takes into account the

distance between the x; and x; samples in a similar way the potential energy physical particles do.

G(x; — xj,267) (4.5)
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4.3.2 Cluster Evaluation Function (CEF)
4.3.2.1 Between-cluster entropy

Rather than using the Information Potential described on Equation 1, Jenssen et al. [62] compute
a double sum on all dataset including the membership function M(x;;) that takes the value 1 for
a pair of x; and x; belonging to different clusters and the value 0 if within the same cluster. The

entropy is given by:

H(Cy,C,...Cy) = —logV(Cy,Ca, ...,Cy) (4.6)
1 N N

V(C1,Ca,..Cn) = ———— Y, Y M(xij)G(x; — x;,2067) 4.7)
2= Kn 5=

for each cluster C, for n in a range n = 1,...,N. When there is high separability, the values

V(Cl,...,Cy) are low and contrarily, H(C1,...,Cy), are large.

4.3.3 Information Theoretic Mean Shift - Algorithm

Information-Theoretic Mean Shift (IT-MS) is a non-parametric mode finding, and clustering algo-
rithm that uses a kernel developed system for surface space searching. This algorithm has been
employed in many ways, being the most common: the Gaussian Blurring Mean Shift (GBMS)
and the Gaussian Mean Shift (GMS). On a specific data frame with different and independent
samples X = (x;),i € 1...N, with the previously explained Parzen window technique, it is possible

to express the probability density function for a positive, not null, bandwidth:

1

=y L Gollx—xl’) (4.8)

M=

px)
1

where G4 (1) = exp(—55 ).

202
The mode of the probability density function can be adjusted from the stationary point theory

v P(x) = 0 to an iterative fixed-point like suggested by Sumaili et al. [63]:

1 o)) — Zia Gl =)

(4.9)
L1 Go (llx —xill?)

The difference term m(x) —x moves the points recursively to their corresponding cluster modes
as described by Fukunaga et al. [64] and later named as Gaussian Blurring Mean Shift (GBMS).
The variation to the Gaussian Mean Shift (GMS) slightly changes: the modified dataset on every
iteration is no longer used, and it is only taken into account the original data frame Xjy:

L1 Gl —xill*)x0
2
L1 G(llx—xill%)

m(x) = (4.10)
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With the consideration of Equation 4.5 and the Gaussian result of the product between two
Gaussians, with a variance corresponding the sum of variances, Renyi’s quadratic entropy para-

metric estimator is:

H(X) = —log(V(X)) 4.11)

e
xj

4.12)

where ¢/ = v/20.

The Cauchy-Schwarz distance between the two probability density functions can be computed
as suggested by Jenssen [62]:

J p(x)q(x)dx
Dcs(X;Xp) = 1o 4.13
cs(X;Xo) g\/fp dx [ 2V (4.13)
Des(X:Xo) = 2H(X;Xo) — H(Xo) — H(X) 4.14)

being p(x) the probability density function of X and g(x) the probability density function of
the original dataset Xj.

Also, it is possible to modulate the dataset X = (xi)f.\’: |» minimizing the entropy while keeping

a fixed Cauchy-Schwarz distance with a Lagrange multiplier:

J(X) = miny H (X) + A[Dcs(X; X0) — k] (4.15)
The update rule with the differentiation of Equation 4.21 to each x;:

T ‘L'

1LY, G( )x +e Xl 6|,
+1 j= o Jj= oj
AR 0 (4.16)
1y DI et I

where c1 is defined as ¢; = (1 — A1)V ! (X) and ¢, as ¢; = 2AV~1(X;Xp). This A Lagrange

Multiplier can have different values accordingly to the case in interest.

4.3.3.1 Case: A =0

When selecting A = 0 the cost function of Equation 4.21 becomes equal to:

J(X) =minxH(X) (4.17)
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And the corresponding update function of Equation 4.16 for the fixed point:

T_ 112
N Xi —X;
Gl
=1 7
= R (4.18)
N X —X;
=1 G757 )

On this case, for A = 0 the Mean Shift algorithm behaves as a Gaussian Blurring Mean Shift
(GBMS), as it is possible to verify with Equation 4.9. This operation mode seeks to minimize the
overall dataset entropy and converges to a single point which is the mode of the probability density
function. One thing that has to be accounted is the stopping criteria in case no mode is found, to

avoid a infinite and unstable loop.

4.3.3.2 Case: A =1

When selecting A = 1 the cost function of Equation 4.21 becomes equal to:

J(X) =minxH(X;Xo) 4.19)
And the corresponding update function of Equation 4.16 for the fixed point:

T_ T
Xl- Xj

2
o’ )xT j

oj
)

On this case, for A = 1 the Mean Shift algorithm behaves as a Gaussian Mean Shift(GMS).

This operation mode seeks to minimize the cross entropy H(X;X : 0) and converges to the mode

N
L j=1G(

i
=1 G(

(4.20)

T_ 712
.xl- 7.xj
o

of the original probability density function without needing any stopping criteria.

4.3.3.3 Case: A >1

When selecting A > 1 the cost function of Equation 4.21 becomes equal to:

J(X) = minxH(X) + A[Dcs(X; X0) — K] 4.21)

When A takes a higher value, the Cauchy-Schwarz distance D¢s(X;Xo) gets more relevant,
highlighting the most relevant features of the original dataset. For A values comprehended between
1 and 2, the shape of the distribution converges to the primary data curve.

Rao et al. [61] suggest on their research stopping criteria for both GMS and GBMS algorithms.
For GMS, a function that tracks the average distance of a particle being less than a predefined
tolerance value can be implemented:

=l
i=1

)

T_
Xi =X

N

< tol 4.22)
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For GBMS algorithm, due to its nature instability it is suggested a stopping criteria based on

Shannon’s Entropy:

Hg(d"™V) — Hg(d%)| < 1078 (4.23)

where H(d) = — Y2 | filog f; is the Shannon Entropy.

4.4 Support Vector Machine (SVM)

Support Vector Machine (SVM) is a supervised machine learning technique firstly introduced
by Vapnik [65] in 1998 and is mostly applied for pattern recognition or computer vision, which
classifies data in two different regions. In a simple way, SVM inputs the data points and gives, as

an output, a hyperplane that best suits the given data and acts as a decision barrier:

ax+b=0 (4.24)

The process of creating the hyperplane is achieved by selecting a group of support vectors, a
subset of the vectors defined between the data points and the decision boundary that maximize the

margin and whose training points (x;,y;),i € 1,..., N, satisfy the constraint:

yilaxx;+b) > 1 (4.25)

Although SVM is a technique that separates data linearly, it is possible to apply it to non-linear
problems as it is possible to represent the data on spaces dimensionally larger and have a possible

physically linear separation between groups.

The optimization of the algorithm is achieved by:

1 N
min¢(a,b) = §||a|]2+7LZ£i (4.26)
i=1

subject to restraint 4.25, where A is the cost for the variable € that represents the slack, allowing

the algorithm to have some miss classifications.

For non-linear classifications it is possible to apply linear kernels but also polynomial functions

or radial based:
e Linear: x; xy;
* Polynomial: (x;*y;+2)%,z>0,a >2

2
« Radial Basis Function (RBF): ¢
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4.5 Artificial Neural Network (ANN)

An Artificial Neural Network (ANN) is a network sparked by the essence of biological neural
networks that process, parallelly, information on its interconnections named neurons, shaped ac-
cordingly to perform certain mathematical operations.

Associated to every link is a specific weight attached, forwarding the information to the fol-
lowing nodes, similarly to synapses on biological brains, and heading to an activation function that
activates the state of the neuron (sigmoid, ReLu). This "synapse" results in the sum of the inputs
of the previous nodes with their corresponding weights.

This technique is highly versatile and can be employed for pattern recognition purposes, data
classification, compliance detection, food and medical diagnosis,... The learning process comes

from the result of adjusting the weights of the interconnections of the nodes.
Bias
(b)
-

X t}—-{ EE;-.\:I- H“‘* oY
Inputs < . \1 :.'—" ?’(' ) y
,ff ~— Output
0—»@;,\{/ Bilin Activation
Function
Weights

Figure 4.3: Artificial node/neuron

Each input x;,i € 1,...,m is computed accordingly to their branch weight @; and summed to

reach an activation function @, as seen in Equation 4.27.

Sum =Y (x;j* o) +b (4.27)
i=1

Apart from the already mentioned applications of pattern extraction and trend detection, Artifi-
cial Neural Networks can also be employed to learn based on experience by providing the network
a training dataset; Rearrange the network architecture based on new data during the learning step;

And accept real-time problems by working on a stream line with more data for network training.

4.5.1 ANN structure

The arrangement of which the network nodes combine, the layered design, the number of neurons
on each layer and its geometry, form the network structure or, as mentioned by some authors,

network architecture.
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4.5.2 Feed-forward network

The single-layer feed forward network (figure 4.4) is constitued by 2 layers: one for the input and
another for the output. These layers are intra-connected to form a complete architecture, and, after
the connections’ weight assignment, it results in several results/outputs, one for each node.

A multi-layer feed-forward network (figure 4.5) is formed by several layers: one input layer
that acts like a data buffer, one output layer that generates the output of the network and one
or more hidden layers that have no association with the external atmosphere and are uniquely

controlled by the connections weighting.

Input Layer Hidden Layer Qutput Layer

—»
Inputs Outpul
— &
Input layer Output layer
Figure 4.4: Single-layer network Figure 4.5: Multi-layer network

4.5.3 Activation Function

The activation function acts as an evaluation tool to provide the output of a specific neuron. It
is an integration function that combines information either from network processing elements or
by external responses, producing a controllable and delimited output. Some of the most popular

activation functions comprise:

* Binary output:
1 ifx>a

o(x) = (4.28)
0 ifx<a

where ¢ represents the threshold and the output is in binary value (0 or 1).

» Sigmoidal output:
1
" TS exp(—Bv)

The activation function Sigmoid is highly implemented in artificial backpropagation net-

sig(x) (4.29)

works as it relates, easily, the derivatives with the values of the nodes. It can be applied both
as a binary function (range O to 1) or as a bipolar function (range from -1 to 1).
4.5.4 Training step

The training step for the artificial network can be achieved by updating the weights of the nodes’

interconnections to accomplish a particular objective. This network adjustment can retain previous



32 Materials and Methods

training information and improve the network accuracy by changing the weights in an iterative
way. The learning process can be categorised as supervised learning which training is targeted
against the aspired output, the unsupervised learning which algorithm try to classify the data in
clusters or group by identifying patterns and reinforcement learning which learning process is
similar to the supervised learning with the proviso that the feedback is a reinforcement signal
instead of the desired output. Only supervised learning will be covered as it was the method

implemented in this dissertation.

> ANN >y

A

v

Error Error
signal

A
o

Figure 4.6: ANN-Supervised Learning

where X represents the input, Y the actual output, D the desired output and the Error is the
result of the subtraction D —Y.

The learning process consists of comparing iteratively for the training points the actual output
with the desired output. If the difference D-Y exists, it is produced an error signal that corrects
the network weights for that point in matter. This kind of teaching seeks a classification error

reduction where it is reckoned that the target values for the output are given to the input node.

4.5.5 Back propagation

The back-propagation process is correlated with multilayer artificial networks - back propagation
network (BPN), where a training pair of input and output is used to update the connection weights.
The associated error is backpropagated to the network’s hidden layers during this process, and the
weights are estimated throughout the learning process. This back-propagation process can be

enumerated in the following steps:

1. Feed-forward the training sample input
2. Error Back-propagation

3. Weights adjustments

4.5.6 Code architecture

The neural network can be employed in many applications since classification to regression prob-
lems, following a similar code architecture shown in Figure 4.8. Initially, weights are set a ran-

dom number in the range of -1 to 1 and the biases with small random numbers. After providing
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Input layer Hidden layer Qutput layer

Wy by Wy, by Wy, by

| 1 [

Error back propagated, W and b updated

Figure 4.7: Back-propagation network (BPN). Extracted from Chen et. al. [4].

the training pair, the input passes along the network from the output of precedent layers to the
input of succedent layers. The net input for one node results from the sum of the corresponding
inputs multiplied by its associated weight. One of the activation functions mentioned previously
is chosen to assign the output of the node. The error between the target value and the resulting one

results in a back-propagation sequence that adjusts the weights and biases on precedent layers.

Initialization for Forward-propagation Computation of the
weights and biases of the inputs deltas for output layer

o Computation of the
Updateb:;ilegqhts and deltas for preceding
= layers

Stop

Figure 4.8: Back-propagation network algorithm

4.6 LIBS Spectral Corrections

Here, a new method is disclosed to deal with Laser-Induced Breakdown Spectroscopy (LIBS) un-
certainties on geological samples. The sample matter is subject to interference and matrix effects
during the signal acquisition, impeding a correct classification and quantification on state-of-the-

art techniques like Chemometrics, Calibration-Free or Deep Learning methods. These pixel-based
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approaches, along with black-box strategies, are proven that just a mere mathematical modelling
is not enough to unscramble the plasma interactions neither mimic some of the well-known matrix
effects like broadening, self-absorption/reversing, bremsstrahlung, black body or scattering. This
present study seeks to introduce a paradigm shift by providing a method that considers the matrix
effects and interferences to provide a probabilistic identification and quantification through a Co-
variance Mode procedure simultaneously identified with their unique eigenvectors. This method
links the interferences between constituents to the eigenvectors, determining the relevant LIBS
wavelengths with the attribution of a positive or negative weight to the interference in question,
allowing a more straightforward LIBS spectral analysis. In this research, this method will be ap-
plied to a lithium ore for demonstration purposes, although this technique can be transposed to
other spectra with its relevant adaptations. This procedure significantly improves LIBS systems as
it contributes to the miniaturization of the equipment, allowing in situ, low-cost and low-resolution

analysis.

4.6.1 Interference framework

Except for pure materials with simple emission spectral lines and backgrounds, LIBS readings will
always be conditioned by interference and matrix effects, resulting in poorly optimized classifica-
tion and quantification results when applying state-of-art methods. Real case scenarios confront
some of the main characteristics that, up to date, have little to no scientific response: LIBS finite
optical resolution and the complex multi-position and convoluted signals. These phenomena raise
multi-scaled and multi-variable interference on the spectral information that enhances the hurdle
on quantifications for any mainstream method.

Some of these state-of-art methods operate under very particular conditions and try to min-
imize the plasma effects, relying on pressure and laser parameters manipulation or atmospheric
modification [66,67].

Performing signal to noise ratio (SNR) corrections on Latent Thermodynamic Equilibrium
(LTE) along with pixel-based approaches do not work on complex geological or biological LIBS
samples, nor environments where having uncertainty is not an option (medical and pharmaceutical)
and which quantification procedure is probabilistic based.

On Chemometrics methods, the latent variables data projection approach fails on non-ideal,
non-pure, and complex samples (p.e. low compositional variability on pharmacology), on which
the modelling is forced into a linear relationship like Partial Least Squares Regression (PLSR).
These methods cannot shape the dynamical nature of LIBS like gas temperature, pressure, free-

electron number density and signal convolutions.

4.6.2 Spectral complexity and inner effects

The analysed data is not different from the theoretic one, and it is characterised by its complexity
and the progressive modification of the constituents inner-relations along the ore depth. This

complexity is both shown by the laser spectra and the mass spectrometer (ICP-MS). In the mid
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samples, around fifty meters deep, most components have several interfering lines, making the
process highly complex for precise quantifications. As it is possible to see in images 4.9 to 4.12,
these interferences are mandatory to be resolved as better as possible, so it is conceivable to have

a clearer outlook for the elements that matter - in this case, the Lithium lines.
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Figure 4.9: Interference band on the 670 nmFigure 4.10: Interference band on the 610 nm
Lithium line Lithium line
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Figure 4.11: Interference band on the 460 nmFigure 4.12: Interference band on the 413 nm
Lithium line Lithium line

For this purpose, on the four relevant Lithium lines - 670 nm (figure 4.9), 610 nm (figure
4.10), 460 nm (figure 4.11) and 413 nm (figure 4.12), it is clear that, in the same near spectral
band, Lithium lines are contaminated with other elements lines - Beryllium, Iodine, Iron, Zink,
Tungsten, Manganese and Barium (but applicable to the rest of the elements, even the ones that
are not quantifiable by the equipment), which deteriorates any chance of quantifying Lithium just

by using peak extraction techniques.
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Direct peak extraction techniques also fail as the lines are not obtained on infinite resolution
equipment, so Stark Broadening and Dopler effects are present and are signalled on a red circle,
where it is possible to see the enlarging of the Lithium lines. Other quantification attempts without
further processing also become highly ineffective as often spectra are acquired convoluted. One
of the solutions that might be plausible to apply and will be further discussed are the application
of a Fourier Transformation to re-construct the spectra in its covariance modes, where no longer it
is necessary to directly looking for Lithium lines to quantify the underlying element, as it can do

so by probabilistic relations with other elements.

4.6.3 Interference handling and Covariance Modes application

As for now, there are few explainable physics answers, namely via Saha-Boltzmann applications
which do not take into account the matrix effects that occur on the plasma. An experimental
approach is disclosed under the patent number W0O2020/026165, where it is suggested the use
of matrix effects (which are natural effects and hardware-based weaknesses that will always be
associated with the equipment in use) to quantify one or more constituent.

This method extracts the spectral information of the sample by obtaining the spectral infor-
mation resolution on one or more spectra firstly; extracts information where the spectrum is sub-
optical; and schemes the spectral lines into a deterministic feature space with multiple dimension
vector spaces.

This information can be saved on a constituents database, obtained by sub-optical extraction
resolution, and be used to quantify the desired elements, even without accessing the spectral lines

directly.

4.6.4 Notable metrics

The performance obtained on Lithium quantifications is determined and quantifiable by the tech-
niques benchmarking and using the Mean Average Percentage Error (MAPE), similar to a Mean
Distance from laboratory value in percentage terms and relative to each sample, and the Pearson

Correlation (R) which gives the measure of linearity between laboratory and forecasted values.

ratory — prediction|

|« |lab
MAPE (%) = N*Z’ avo 100 (4.30)

|\laboratory|

where laboratory is assumed to be the reference values obtained via ICP-MS and the prediction

the forecasted values for the different methods.

_ cov(x,y)

R= 4.31
5.5 (431)

where S, and S|, are the standard deviation for x and y, respectively.



Chapter 5

Results and discussion

5.1 Data-mining

5.1.1 Principal Components projections

As it is possible to see on the following figures 5.1 to 5.4, PCA can give some preliminary answers

about the data and help the process of later applying machine learning techniques.

In figure 5.1, which represents the data projection on the first two principal components, it is
possible to notice the most significant principal component (loading) of the dataset, Lithium (Li),
as it is the direction where there is most variability of the data. Orthogonally, the second principal
component, Manganese (Mn), explains the second largest aggregation of variance. From the direct
analysis of the figure, it is immediately possible to tell that samples on the hundreds like 95, 104,
109, 110, 111 are the locations (meters depth) where it is more Lithium, oppositely to samples 15,

34, 35, 99 and so that are in the negative direction.

In figure 5.2, which represents the data projection on the second and third principal compo-
nents, it is possible to notice, alongside Manganese (PC2) direction, samples 93, 94, 95 aggregate
as well as, on the Barium direction (PC3), samples on the thirties like 29, 30, 31, 32, 33 also form

a cluster.

In figure 5.3, that represents the component four and five, in other words, the element Barium
(Ba) and Rubidium (Rb), there is a similarity between the first samples of the ore (the first meters)

- samples 1 to 5.

As we go deeper, searching on smaller principal components, as seen in figure 5.4, it becomes
harder to analyse the data as there is less explainability on those directions than for the first prin-

cipal components.
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Figure 5.1: Plot of PC1 against PC2 and its loadings representation
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Figure 5.2: Plot of PC2 against PC3 and its loadings representation
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Figure 5.3: Plot of PC3 against PC4 and its loadings representation
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5.1.2 Hierarchical clustering

More information can be extracted from the Principal Component Analysis, such as the cluster
dendrogram, or the cluster tree (hierarchical clustering) on figure 5.5, that relates the variables one
with each other, based on their levels of similarity or dissimilarity. The leafs of the tree that group

are considered a cluster while the vertical lines represent higher separability.
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Figure 5.5: Cluster variables dendrogram

5.1.3 PCA plot

Principal Component Analysis can be plotted, on its directions, both with or without scalling (fig-
ures 5.7 and 5.6). When the PCA is not scaled, the projections are made accordingly to their
variance aggregation, allowing the visualization of the top components of the data batch (compo-
nents that aggregate the majority of the variance), oppositely to when it is scaled, the matrix is
scaled to have a zero mean and unit variance and each component is divided by its variance and

so, the plot shows the inner relations between the components.

On figure 5.7 it is possible to verify that the data is mostly spreaded under two components
(Lithium and Manganese) that together aggregate 99,03% of the variance. On figure 5.6 it is
possible to see a large data cluster that corresponds to the Pegmatite cluster, where Lithium is

highly present, as it is spreaded on its direction.
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Figure 5.7: Principal Component Analysis scaled plot

5.1.4 3D PCA plot

The same study can be made in 3 dimensions where it is possible to span PCA over three compo-
nents, as shown on figures 5.8 and 5.9. Here it is clear the separability between clusters, namely

between the pegmatite cluster (FGP) and the others.
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It is possible to add that, by plotting the quantified Lithium against the top two principal

components, as shown on figure 5.10, there are high concentrations of Lithium around PCA1

around -2 and PCA?2 between -2 and 2, which verifies how accurate can be this preliminary method

to identify the clusters that matter and advance to more precise quantification techniques to further

understand the data in question.
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Figure 5.10: Quantified Lithium on a PCA representation
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5.2 Classification - clustering

As it was mentioned, the dataset that was acquired from Barroso Lithium ore and afterwards
analysed on LIBS and ICP-MS, has a pre-classification that was made based on geological support
and will be considered as the reference value for LIBS, as if there was no prior knowledge there

would not be the chance of testing the techniques for this data.

The explored clusterings were based on the 124m dataset, provided by Dr. Rui Martins and
applied to the extracted PC1 and PC2 values of the Principal Component Analysis (figure 5.11).

The data is classified into four different clusters: Schist (SCH), Schist + Pegmatite (SCH+FGP),
Pegmatite (FGP) and Pegmatite + Quartz (FGP+VQZ) and will be tested in several algorithms,
since the most theoretical one (MeanShift) to the most nowadays applied (Support Vector Ma-
chine and ANN).
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Figure 5.11: Geological classification initial scenario

5.2.1 IT-MeanShift

It was applied the probability density function (PDF) estimator using the Parzen window method-
ology. The PDFs are estimated correctly on the defined kernel bandwidth which is chosen between
0.4 and 1.6. Later the Information Theoretic MeanShift (IT-MS) is applied to find the modes of

the distribution.
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Figure 5.13: Clustering A = 0.8, 4 clusters

Figure 5.15: Clustering A = 1.6, 3 clusters

For the clustering obtained, visible on figures 5.12 to 5.15, it is possible to see that the al-

gorithm worked as intended achieving a very high accuracy on the given dataset, although the

classification for some values is not valid. Commonly, for all values, it is not possible to distin-
guish the Schist + Pegmatite (SCH+FGP) from the Pegmatite (FGP) ones, as for a 2D-analysis it

is not possible for the algorithm to spot the differences between the clusters in question.

Table 5.1: Accuracy for different kernel bandwidth A values

Valid | Invalid %
A=041 118 6 95.2%
A=081 117 7 94.3%
A=121 115 9 92.7%
A=161 116 8 93.5%
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5.2.2 Support Vector Machine (SVM)

As for the support vector machine, the same 124m dataset was considered on this method. It
was explored both linear and quadratic support vectors in clustering identification. The data was
splitted into 70/30 training and testing sets and afterwards applied in the SVM algorithm of python
scikit library.

-2 0 H 4 6 [ i) 2 -2 ] 2 4 6 8 10 2

Figure 5.16: Clustering with quadratic SVM Figure 5.17: Clustering with linear SVM

As this algorithm achieves a direct classification (0 or 1/A or B), this classification was accom-
plished by classifying each cluster against the others, on a pair-wise manner. Given the present
dataset and the existing clusters. The highest classification accuracy was achieved on the Peg-
matite (FGP) cluster against Schist (SCH) with a result of 96,7% for the two linear and quadratic

support vectors. That corresponds to 120 valid classifications and 4 miss-classifications.

Table 5.2: Accuracy on Support Vector Machine

Valid | Invalid %
Quadratic SVM | 120 4 96,7%
Linear SVM 120 4 96,7%

5.2.3 Artificial Neural Network (ANN)

The same study on the same dataset was made with the application of a neural network. It was
built a two hidden-layer neural network using the sklearn python library and a 80/20 data split.
Again, the classification was achieved on a similar way as for the support vectors, classifying each
cluster against the others. In order to avoid bad learning iterations due to the lack of samples of a
certain type, ANN method was applied several times with a pre-shuffling stage and leave-one-out
validation, resulting in an overall classification between 98 - 100% which corresponds to 1 or 2
miss-classifications. This last 100% result was achieved between the Schist (SCH) and Pegmatite
(FGP) clusters. That is due to the low dispersity and high separability on those particular clusters
that make the learning process highly efficient.
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Table 5.3: Accuracy on Artificial Neural Network clustering

Valid | Invalid 7
SCH+FGP /FGP | 122 2 98,4%
SCH+FGP/SCH | 123 1 99,2%
SCH / FGP 124 0 100%

5.3 Quantification

The quantification of Lithium was made on the same 124m dataset with all the 39 variables (40
variable minus the Lithium variable) and with the application of a Random Forest regression al-
gorithm. The dataset was separated into the target (Lithium) and features (other variables) in a
75/25 training/testing sets using the Python Sklearn library. The algorithm converges for a ran-
dom state of 42, and its variables importance is shown in Figure 5.18 and the respective regression

tree visible in Figure 5.19.

As shown on figure 5.18, the algorithm attributes high importance to Lead (Pb), Yttrium (Y)
and Beryllium (Be) to the quantification of Lithium with a overall 39,95% of MAPE error. Despite
the high explainability of the Random Forest algorithm (figure 5.19 where it is possible to see
all the algorithm decisions and results convergence), this algorithm lacks to understand how the
different variables co-exist one with each other and the geological principals behind the support of

Lithium existance.
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Figure 5.18: Random Forest variables importance
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Figure 5.19: Short representation of the Random Forest tree - fragment (full version on appendix
A)
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5.4 Unscrambling interference

5.4.1 Scattering

In order to unscramble the LIBS interference, empirical scattering corrections were made on the
two datasets provided for the two known Lithium lines from the NIST database. The process
started by choosing several points (meters of depth) that describe well a wide variety of Lithium
quantities, since the points that have little to no Lithium to the prominent pegmatite veins where
it is abundant. Next, LIBS readings for those particular points were extracted and kept apart for
comparison. Following, a CAP-based scattering correction technique was applied where the points

are corrected according to the median reference value and shifted with a least-squares solver.

Scattering Correction - Lithium 610.224nm line Scattering Correction - Lithium 670.769nm line
@ Original (610.224 nm) 1265% + 47T10R*=0,036 @ Cormected (610.224n @ Original (670.769 nm) 85207 = 23116 R*= 0,099 @ Corrected (670.769 nm)
4322+ T248 R*= 0,148 18506%x + 40810 R*= 0,225
25000 100000
L ]
20000
L4 75000 . ® .
L
15000 ® ] . ® ° °
° 50000 e . L
10000 * ® * e
° ® ° ® . * . . L) .
5000 P [ . 25000 . ™ .
L] [ ] °
o3 a ® 0 —
0.5 1.0 15 z 05 1,0 15 20

Figure 5.20: Scattering correction on the 76 mFigure 5.21: Scattering correction on the 76 m
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Figure 5.22: Scattering correction on the 124 mFigure 5.23: Scattering correction on the 124 m
dataset - 610,22 nm Lithium line dataset - 670,77 nm Lithium line

It is possible to see that, although the empirical approach, the results on the Lithium regression
are notable, passing on the 76m dataset from a 0,036 of R? to 0.148 on the first Lithium line
and from 0,099 of R? to 0,225 on the second line. The results for the 124m are similar with
approximate increases of R? value, which denotes the better predictability on Lithium after the
scattering corrections all made.

The results, despite promising, only prove the effectiveness of the method. Far from over, as it

is possible to see on tables 5.4 to 5.7, the Mean Absolute Percentage Error (MAPE) is very high, as
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it needed to implement other LIBS signal corrections in order to output a valid and more accurate

Lithium prediction.

Table 5.4: Scattering correction on the 76m dataset for the 610,22 nm Lithium line

i(m) | Li | Original (610.224 nm) | Corrected (610.224 nm) | Lipred | MAPE (%)
1 0,05 680 1725,389 7464,1 332,60
13 0,2 5625 10912,32 8112,4 25,66
21 | 0,28 14754 17121,43 8458,16 50,60
26 | 0,32 5129 12075,58 8631,04 28,52
38 | 0,58 6129 8639,316 9754,76 12,91
39 | 1,28 8905 15214,32 12780,16 16,00
42 12,03 9444 23693,51 16021,66 32,38
47 | 1,86 8703 14926,25 15286,92 2,42
50 | 1,04 3477 7473,323 11742,88 57,13
57 | 045 8103 19264,52 9192,9 52,28
64 | 1,22 2272 6110,529 12520,84 104,91
72 | 0,85 1560 3461,811 10921,7 215,49
75 10,73 338 670,0043 10403,06 1452,69

with an average MAPE of 183,35%, R of 0,384 and R2 of 0,148.

Table 5.5: Scattering correction on the 76m dataset for the 670,77 nm Lithium line

i(m) | Li | Original (670.769 nm) | Corrected (670.769 nm) | Lipred | MAPE (%)
1 0,05 8145 21139,52 41735,3 97,43
13 0,2 33362 64822,57 44511,2 31,33
21 | 0,28 44706 51952,59 45991,68 11,47
26 | 0,32 32226 75927,28 46731,92 38,45
38 | 0,58 32922 46460,3 51543,48 10,94
39 | 1,28 34720 59382,01 64497,68 8,61
42 | 2,03 37775 94788,78 78377,18 17,31
47 | 1,86 43022 73859,9 75231,16 1,86
50 | 1,04 34363 73920,59 60056,24 18,76
57 | 045 27692 65900,26 49137,7 25,44
64 | 1,22 19617 52815,34 63387,32 20,02
72 10,85 22576 50299,65 56540,1 12,41
75 10,73 383 787,2637 54319,38 6799,77

with an average MAPE of 545,68%, R of 0,474 and R? of 0,225.
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Table 5.6: Scattering correction on the 124m dataset for the 610,22 nm Lithium line

i(m) Li Original (610.224 nm) | Corrected (610.224 nm) | Lipred | MAPE (%)
1 0,044 996,25 1278,48 5444276 325,84
13 | 0,176 5569 8211,1 5613,104 31,64
21 | 0,237 10669,5 10475,12 5691,123 45,67
22 | 0,152 4485,5 6864,7 5582,408 18,68
26 | 0,278 5433,25 6139,71 5743,562 6,45
35 | 0,606 3666,25 4677,03 6163,074 31,77
36 | 0,478 1589,5 2462,11 5999,362 143,67
37 | 0,887 4870,5 5960,33 6522,473 9,43
40 | 0,935 9137 10875,05 6583,865 39,46
91 1,852 4507,75 5922,89 7756,708 30,96
95 | 2,037 3247,5 4188,54 7993,323 90,84
111 2,5 7609,75 13501,14 8585,5 36,41
113 | 1,313 2739,25 4198,41 7067,327 68,33

with an average MAPE of 67,63%, R of 0,297 and R? of 0,088.

Table 5.7: Scattering correction on the 124m dataset for the 670,77 nm Lithium line

i(m) Li Original (670.769 nm) | Corrected (670.769 nm) Lipred | MAPE (%)
1 0,044 9291.5 11958,81 24702,244 106,56
13 | 0,176 26644,25 39311,31 25962,976 33,96
21 | 0,237 34198,25 33600,52 26545,587 21,00
22 | 0,152 17681,25 27054,32 25733,752 4,88
26 | 0,278 25307,5 28635,39 26937,178 5,93
35 | 0,606 212455 29460,56 30069,906 2,07
36 | 0,478 15933,75 24619,39 28847,378 17,17
37 | 0,887 22369,25 26601,72 32753,737 23,13
40 | 0,935 25847 30768,88 33212,185 7,94
91 1,852 35094,5 46128,75 41970,452 9,01
95 | 2,037 22611,5 29174,68 43737,387 49,92
111 2,5 32225,75 57162,74 48159,5 15,75
113 | 1,313 26729,75 40973,65 36822,463 10,13

with an average MAPE of 23,65%, R of 0,690 and R? of 0,477.

5.5 Benchmarking Self-Learning Artificial Intelligence (SL-AI) against

state-of-art methods

Self-Learning Al, the method to systematically extract co-variances between elements by opti-
mizing the correct features and transforms them onto a feature space, was applied to two datasets:
Avantes high-resolution signal and SciApps portable LIBS. On the configurable parameters: max-

imum components (directions) and number of clusters, the algorithm was set to a maximum value
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of 2 components and 15 clusters. The vector space comprising the spectral lines will be, at the

most, 2-dimensional.

To prove the algorithm’s reliability, several case studies were made, namely for quantifications
of other elements rather than Lithium and tested against the state-of-art methods like Similarity,
Partial Least Squares and Artificial Neural Network. Some other elements have more or less in-
terfering lines or their spectra distributed over a wide range of wavelengths so, a subset of random
constituents will also be tested - Lithium (Li), Beryllium (Be), Barium (Ba), Manganese (Mn),
Iron (Fe), Rubidium (Rb), Caesium (Cs) and Zinc (Zn).

5.5.1 SL-AI - Case study on multiple constituents

As it is possible to verify on figures 5.24 to 5.31, the co-variance modes for the several elements
are detected and the predictions for those feature spaces successful. The best regression model is
obtained for Rubidium as it is the element which can be better identified due to its dispersion on

all the spectral band.
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Figure 5.31: SL-AI on Caesium

The same study was applied to the SciApps portable LIBS system where it was only tested the
Lithium element, showing a final R = 0,865 and MAPE = 51,781% for two latent variables.
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Figure 5.32: SL-AI on Lithium - Portable LIBS
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5.5.2 SL-AI against state-of-art methods - multiple constituents

In table 5.8, it is exhibited a summary of all methods chosen to benchmark against the proposed
Self-Learning technique in this dissertation: Similarity, Artificial Neural Network (ANN), Con-
volutional Neural Network (CNN) and Partial Least Squares (PLS). This study was applied to the
Avantes high-resolution spectrometer dataset on the selected mentioned variables and using the
metrics: Pearson Correlation (R), Number of latent variables (LV), and Mean Average Percentage

Error (MAPE) for comparison.

Table 5.8: Benchmarking of SL-AI against state-of-art methods - multiple constituents

Method Metric Li Be Ba Mn Fe Rb Zn Cs
C e R 0,622 NA NA | 0,552 | NA | 0,468 | 0959 | NA
Similarity IV - : : - - - - -
k=3 MAPE (%) | 182,76 | NA NA | 75,08 | NA | 70,13 | 95,91 | NA
R 0,863 | 0,061 | 0,913 | NA | 0,875 | 0,896 | 0,122 | 0,899
ANN LV - - - - - - - -
MAPE (%) | 53,19 | 19,33 | 39,43 | NA | 42,64 | 12,64 | 30,47 | 60,54
R 0,663 | 0,761 | 0,628 | 0,129 | 0,457 | 0,431 | 0,706 | 0,654
CNN LV - - - - - - - -
MAPE (%) | 45,16 | 29,09 | 43,25 | 52,58 | 55,64 | 36,88 | 41,92 | 52,07
R 0,831 | 0,829 | 0,869 | 0,714 | 0,883 | 0,696 | 0,383 | 0,829
PLS LV 5 5 3 5 5 5 3 5
MAPE (%) | 81,29 | 522 | 553 | 38,3 | 23,6 | 20,8 | 27,18 | 42,49
R 0,919 | 0,953 | 0,932 | 0,813 | 0,979 | 0,898 | 0,809 | 0,973
SL-AI LV 3 2 1 2 2 2 2 2
MAPE (%) | 23,16 | 1591 | 25,53 | 31,77 | 11,34 | 10,85 | 13,74 | 16,91

The first method is a similarity regression, tested with the application of the nearest neighbours
technique, where the algorithm was tuned for three k-neighbours. There is no convergence of
the algorithm for most constituents as it cannot find any similarities in terms of eigenstructure;
those are represented with a Not Available (Na) sign. For the elements that the algorithm does
find a proper similarity for clustering, which are the Lithium, Manganese, Rubidium and Zinc
elements, the regression fit is shallow, and the MAPE considerable high. Despite Rubidium having
a moderate correlation, it still is the element for which it is possible to have a quantification with
70,13% of MAPE.

The Artificial Neural Network was chosen as it is one of the widely adopted methods on
state-of-art for spectral processing. It was optimized for two hidden layers using backpropagation
as a regression algorithm with a tangent activation function. The results on the ANN are more
satisfactory as it can map the spectral features on a piecewise sequence allowing it to interpret the
nonlinearities of the dataset. The correlations vary between R~(0,86 to 0,89), yet some elements,
such as Manganese, were not possible to model, as well as, Beryllium or Zinc, which despite
the low MAPE~(19,33 and 12,64) present no correlation between the predicted values and the
laboratory ones.
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Convolutional Neural Network (CNN), contrarily to ANN, does not use neurons or weights;
the process passes through several layers (math, rectified, and fully connected layer) that try to
capture the patterns and provide a vector output. Like ANN, CNN relies on error measurements
for learning improvement and epochs utilization for model effectiveness control. In MAPE terms,
CNN manages to provide better value results than ANN with MAPE~(29,09 to 52,07) but fails to
deliver a fitting regression better than ANN or PLS with R~(0,13 to 0,76).

Partial Least Squares, in most cases, outperforms the ANN results presenting a slight improve-
ment in correlation terms for most of the elements by using between 3 and 5 latent variables. The
MAPE values are moderate, making this algorithm well qualified for being one of the most used
Chemometrics methods for spectra calibration.

The top results are comprised among all elements when using the Self-Learning Artificial
Intelligence (SL-AI) method, which is the algorithm that better understand the LIBS matrix effects
and spectral interference to deal with the geological variability. SL-AI presents better MAPE
values when compared to any other method on every element tested with just 1 to 3 latent variables.
The correlations are high, varying between R~(0,81 to 0,98), which are outstanding values for the

research field - geological exploration.
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Figure 5.33: Benchmarking of SL-AI against state-of-art methods - Lithium



Chapter 6

Conclusions and future work

In Conclusion, LIBS prove to be an excellent tool for geological exploration due to its versatility on
several elements and practicability on low-cost and low-preparation analysis. This technique still
demonstrated the possibility of creating geological maps to study and measure samples directly

from the powder extracted.

The first part of this dissertation approached several state-of-art methods and discriminated
against their characteristics, applications, and limitations. Chemometrics, namely via Principal
Component Analysis (PCA) and Partial Least Squares (PLS), are the mainstream methods em-
ployed on spectral calibrations to maximize the covariance between the extracted spectra and the
sample composition. Artificial Neural Networks are widely used in machine learning problems
and have also gained traction on spectral processing for years now. Although these methods can,
in certain circumstances, output reasonable predictions with several optimizations, they still lack
the most critical part: the explainability or interpretability of the results. The high complexity
of LIBS spectra and the subject for interference and matrix effects creates a problem among the
unscrambling of the numerous plasma interactions that pixel-based methods cannot mimic. These
so-called black box approaches rely on big-data databases and mathematical modelling that can
only output a probabilistic result that is doubtful and unacceptable in critical areas like pharma-

ceutical or medical research.

Assuming this problem on spectra interpretation, the second part of this dissertation rises as
a novel solution, Self-Learning Artificial Intelligence (SL-AI), recently patented by INESC TEC
- Center for Applied Photonics that shifts the paradigm on LIBS quantifications by providing
a method that considers the matrix effects and interferences to provide an almost deterministic
identification and quantification through an iterative Covariance Mode seeking that identifies the
constituents according to their unique eigenvectors. The algorithm extracts information where the
spectrum is sub-optical and schemes the spectral lines into a multiple dimension deterministic fea-
ture space. These feature spaces can be stored on a database and be used to quantify elements even
without accessing the spectral lines directly, as long as the patterns for those elements are present.
This is a significant advancement for in-site analysis as it can provide an accurate quantification

even with low-resolution LIBS field equipment and output the results within seconds with low
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computation effort.

The results obtained by benchmarking SL-AI against state-of-art methods are flawless, show-
ing very high Pearson Correlation values R~(0,81 to 0,98) and low Mean Average Percentage
Error (MAPE) at MAPE~(10,85 to 31,77%) for most of the studied constituents, which proves
the high sensibility of this algorithm for geological variability that still did not have an answer
with monolithic approaches like Partial Least Squares and Artificial Neural Networks.

There are still some aspects that can be improved to increase the performance of the LIBS

systems and some other analysis that can be made and are comprised in a list for further research:

* Acquisition of more sample data: The algorithm works accurately on the used datasets, yet,
with more data, it would be capable of constructing better the covariance modes for each
element, as it would have more information to create each feature space by relating the lines

in study with the other elements’ ones.

* Code improvement: Some aspects in the SL-AI algorithm can be improved, such as elim-
inating the manual selection of the number of clusters as forcing this parameter with no
further interference corrections can lead the algorithm to learn and map the feature space
with noisy data. On the same note, an optimal number of latent variables can also be smartly

chosen without assigning that parameter.

» Spectral Corrections: More spectral corrections can be employed in order to ease the data
for the SL-AI application. Besides the implemented scattering baseline corrections, other
corrections for plasma temperature and electron density with inverse Saha-Boltzmann equa-

tions and corrections for the Doppler effect (lines enlargement) can also be employed.

» Spectral Corrections Bypass: Once the corrections are applied, and the feature maps are
created, a database can be designed to store the corrections necessary for each element, so
via pattern recognition, it is possible to speed run the quantifications on field equipment
by providing a direct match between the extracted spectra and the most probable neces-
sary spectral correction. This step further fully decentralizes LIBS from the cutting-edge
high-resolution equipment to produce a low-cost, low-resolution, on-field, immediate quan-

tification analysis.
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