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Zusammenfassung

Ein schonender Umgang mit den Ressourcen und der Umwelt ist wesentlicher Bestandteil des
modernen Bergbaus sowie der zukiinftigen Versorgung unserer Gesellschaft mit essentiellen
Rohstoffen. Die vorliegende Arbeit beschiftigt sich mit der Entwicklung analytischer Strategien, die
durch eine exakte und schnelle Vor-Ort-Analyse den technisch-praktischen Anforderungen des
Bergbauprozesses gerecht werden und somit zu einer gezielten und nachhaltigen Nutzung von
Rohstofflagerstdtten beitragen. Die Analysen basieren auf den spektroskopischen Daten, die mittels
der laserinduzierten Breakdownspektroskopie (LIBS) erhalten und mittels multivariater Datenanalyse
ausgewertet werden. Die LIB-Spektroskopie ist eine vielversprechende Technik fiir diese Aufgabe. Ihre
Attraktivitit machen insbesondere die Moglichkeiten aus, Feldproben vor Ort ohne Probennahme
oder -vorbereitung messen zu konnen, aber auch die Detektierbarkeit samtlicher Elemente des
Periodensystems und die Unabhangigkeit vom Aggregatzustand. In Kombination mit multivariater
Datenanalyse kann eine schnelle Datenverarbeitung erfolgen, die Aussagen zur qualitativen
Elementzusammensetzung der untersuchten Proben erlaubt. Mit dem Ziel die Verteilung der
Elementgehalte in einer Lagerstitte zu ermitteln, werden in dieser Arbeit Kalibrierungs- und
Quantifizierungsstrategien evaluiert. Fiir die Charakterisierung von Matrixeffekten und zur
Klassifizierung von Mineralen werden explorative Datenanalysemethoden angewendet. Die
spektroskopischen Untersuchungen erfolgen an Béden und Gesteinen sowie an Mineralen, die Kupfer
oder Seltene Erdelemente beinhalten und aus verschiedenen Lagerstatten bzw. von unterschiedlichen

Agrarflachen stammen.

Fiir die Entwicklung einer Kalibrierungsstrategie wurden sowohl synthetische als auch Feldproben
von zwei verschiedenen Agrarflichen mittels LIBS analysiert. Anhand der Beispielanalyten Calcium,
Eisen und Magnesium erfolgte die auf uni- und multivariaten Methoden beruhende Evaluierung
verschiedener Kalibrierungsmethoden. Grundlagen der Quantifizierungsstrategien sind die
multivariaten Analysemethoden der partiellen Regression der kleinsten Quadrate (PLSR, von engl.:
partial least squares regression) und der Intervall PLSR (iPLSR, von engl.: interval PLSR), die das
gesamte detektierte Spektrum oder Teilspektren in der Analyse beriicksichtigen. Der Untersuchung
liegen synthetische sowie Feldproben von Kupfermineralen zugrunde als auch solche die Seltene
Erdelemente beinhalten. Die Proben stammen aus verschiedenen Lagerstitten und weisen
unterschiedliche Begleitmatrices auf. Mittels der explorativen Datenanalyse erfolgte die
Charakterisierung dieser Begleitmatrices. Die dafiir angewendete Hauptkomponentenanalyse
gruppiert Daten anhand von Unterschieden und Regelmifligkeiten. Dies erlaubt Aussagen tiber
Gemeinsamkeiten und Unterschiede der untersuchten Proben im Bezug auf ihre Herkunft, chemische
Zusammensetzung oder lokal bedingte Auspridgungen. Abschliefend erfolgte die Klassifizierung
kupferhaltiger Minerale auf Basis der nicht-negativen Tensorfaktorisierung. Diese Methode wurde mit

dem Ziel verwendet, unbekannte Proben aufgrund ihrer Eigenschaften in Klassen einzuteilen.

Die Verkniipfung von LIBS und multivariater Datenanalyse bietet die Moglichkeit durch eine Analyse
vor Ort auf eine Probennahme und die entsprechende Laboranalytik weitestgehend zu verzichten und
kann somit zum Umweltschutz sowie einer Schonung der natiirlichen Ressourcen bei der Prospektion
und Exploration von neuen Erzgdngen und Lagerstiatten beitragen. Die Verteilung von
Elementgehalten der untersuchten Gebiete ermoglicht zudem einen gezielten Abbau und damit eine

effiziente Nutzung der mineralischen Rohstoffe.
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Abstract

The sustainable use of resources and the environment is an important part of modern mining and the
supply of our society with essential raw materials in the future. The present work focuses on the
development of analytical strategies that address the technical-practical requirements of the mining
process through accurate and rapid on-site analysis, thus contributing to the targeted and sustainable
use of raw material deposits. The analyses are based on spectroscopic data obtained by laser-induced
breakdown spectroscopy (LIBS) and evaluated by multivariate data analysis. LIB spectroscopy is a
promising technique for this task. Its advantages are in particular the possibility to measure field
samples on site without sample collection or preparation, but also the detectability of all elements of
the periodic table and the independence of the state of matter. In combination with multivariate data
analysis, rapid data processing can be performed, allowing statements to be made on the qualitative
elemental composition of the samples investigated. With the goal of determining the distribution of
elemental contents in a deposit, calibration and quantification strategies are evaluated in this work.
Exploratory data analysis methods are used to characterize matrix effects and to classify minerals.
Spectroscopic studies are performed on soils and rocks as well as on minerals containing copper or

rare earth elements originating from different deposits or from different agricultural sites.

To develop a calibration strategy, both synthetic and field samples from two different agricultural sites
were analyzed using LIBS. Using calcium, iron and magnesium as example analytes, the evaluation of

different calibration methods based on univariate and multivariate methods was performed.

Basics of the quantification strategies are the multivariate analysis methods of partial least squares
regression (PLSR) and interval PLSR (iPLSR), which consider the whole detected spectrum or partial
spectra in the analysis. The investigation is based on synthetic and field samples of copper minerals as
well as those containing rare earth elements. The samples are from different deposits and have

varying accompanying matrices.

Exploratory data analysis was used to characterize these accompanying matrices. The principal
component analysis used for this purpose groups data on the basis of differences and regularities. This
allows conclusions to be drawn about similarities and differences between the samples examined in
terms of their origin, chemical composition or locally determined characteristics. Finally, the
classification of copper-bearing minerals was based on non-negative tensor factorization. This method

was used with the aim of classifying unknown samples based on their properties.

The combination method of LIBS and multivariate data analysis offers the possibility to avoid
sampling and the corresponding laboratory analysis as far as possible by an on-site analysis and can
thus contribute to environmental protection as well as to a conservation of natural resources during
the prospection and exploration of new ore veins and deposits. The distribution of element contents of
the investigated areas also enables a precise mining and thus an efficient utilization of the mineral raw

materials.
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1. Einleitung

,Nattirliche Ressourcen [...] sind die Grundlage unseres taglichen Lebensbedarfs und unseres
Wohlstands.”! Es sind die Bestandteile der Natur, die dem Menschen Nutzen bringen und auf den
vielfdltigsten Wegen eingesetzt werden. Durch ihren Gebrauch sollen einerseits die globalen
Lebensstandards der Weltbevolkerung verbessert werden. Andererseits fiihrt jede Entnahme von
natiirlichen Ressourcen aus der Natur zu zum Teil schweren Einschnitten in die Umwelt, gefolgt von
weltweiten negativen sozialen Auswirkungen und Umweltproblemen. Voraussetzung fiir die Nutzung
der natiirlichen Ressourcen ist daher ein schonender und nachhaltiger Umgang mit den zur
Verfiigung stehenden Bestandteilen der Natur. Neben den stromenden Ressourcen wie Wind oder
Sonnenenergie und den Umweltmedien, Luft, Wasser und Boden, umfassen die natiirlichen
Ressourcen unter anderem die erneuerbaren und nicht-erneuerbaren Rohstoffe. Teil der
nicht-erneuerbaren Rohstoffe sind fossile Energietrager, nicht-metallische Minerale und Metallerze.
Da insbesondere die Vorkommen der nicht-nachwachsenden Rohstoffe in der Natur begrenzt sind, ist
deren Nutzung endlich. Verwendet werden die nicht-erneuerbaren Rohstoffe unter anderem als Basis
fiir Baumaterialien, Energiequellen oder Grundstoffe in der chemischen Industrie sowie im
Maschinenbau. Daraus resultiert eine stetig steigende Nachfrage an diesen Rohstoffen getrieben von
Megatrends wie Digitalisierung, Energie- und Verkehrswende, sowie einer wachsenden
Weltbevolkerung und Weltwirtschaft. Der permanente Bedarf, aber auch die iibermafsige Ausbeutung
und die ineffiziente Nutzung der Rohstoffe fithren zu einer Verschlechterung der Okosysteme, und zu
einer zunehmenden Umweltverschmutzung sowie Verknappung der Ressourcen. Die moglichen
Auswege aus der Verknappung der nicht-erneuerbaren Rohstoffe, vorwiegend der Metallerze, sind
vielfaltig, bedingen aber grundsétzlich einen nachhaltigen Einsatz und Umgang mit den Ressourcen.
Neben einer detaillierten Abbauplanung, die auch eine Nachnutzung der verinderten Umwelt
beriicksichtigt, konnen Stoffkreislaufe und Substitution von Materialien mogliche Wege aus der
Verknappung sein. Zudem bietet sich die Moglichkeit bis dato unentdeckte oder unrentable
Lagerstatten von Metallerzen nachhaltig zu prospektieren und explorieren. Fiir eine optimale
Erkundung und Ausbeutung von Lagerstatten werden effiziente und zuverldssige Analysetechniken
bendtigt, die Minerale, Gesteine und Boden sicher detektieren und identifizieren kdnnen. Gleichzeitig
miissen diese Techniken die chemischen Komponenten der mineralische Rohstoffe am besten vor Ort,
genau und schnell analysieren kénnen, um den Bergbauprozess durch Kenntnisse iiber die lokalen
Gegebenheiten unterstiitzen und damit eine sinnvolle Ausbeutung und Nutzung der Ressourcen

fordern zu kénnen.»>>*3

In der vorliegenden Arbeit werden zwei Beispiele nicht-erneuerbarer, primarer Rohstoffe betrachtet:
zum einen Kupfer - eines der weltweit wichtigsten Funktionsmetalle - und zum anderen Seltene

Erden - essentielle Rohstoffe der Energiewende.””

Kupfer ist ein Buntmetall der Superlative. Es weist nahezu die hochste elektrische Leitfahigkeit,
Warmeleitfahigkeit und Duktilitat aller Metalle auf. In diesen Eigenschaften wird es nur vom
Edelmetall Silber {ibertroffen.*’ Ergdnzend zu diesen Eigenschaften machen auch die gute
Verformbarkeit, die Korrosionsbestandigkeit, die antibakterielle Wirkung sowie die Mdoglichkeit den
Rohstoff ohne Qualitdtsverlust zu recyclen Kupfer zu einem der wichtigsten Metalle der
Menschheit.”"’ Aufgrund seiner vielfiltigen, hervorragenden Eigenschaften, wird Kupfer in
zahlreichen Bereichen des tdglichen Lebens eingesetzt. Hauptsachlich verwendet wird Kupfer in der

Elektronik und Elektrotechnik sowie im Bau- und Transportsektor. Weitere Verbraucher sind der
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Maschinenbau und diverse andere Verbrauchsgiiter.'”'"* Die verschiedenen Anwendungsfelder fiir
das Metall Kupfer werden zukiinftig bestehen bleiben. Durch die globalen Megatrends, die auf die
Verfiigbarkeit des Metalls angewiesen sind, wird die Nachfrage fiir Kupfer zusétzlich steigen. Der
zunehmende Bedarf an Kupfer macht den Abbau bis dato unattraktiver Lagerstatten mit geringen
Kupfergehalten lukrativ. Da Kupfer vorrangig im Tagebau gefdrdert wird, wird dadurch gleichzeitig
die Umwelt stiarker belastet. Der Abbau der Kupfererze mit geringen Gehalten geht mit betrachtliche
Mengen ungenutzter Materialien einher, die als Abraum weitere Flachen bedecken. Verbunden mit
den niedrigen Erzgehalten ist auch der Energieverbrauch durch Kraftstoffe fiir den Abbau und
elektrische Energie fiir die Aufbereitung erhoht und wird weiter steigen. Problematisch beim
Kupferbergbau ist zudem der relativ. hohe Wasserverbrauch und die Bildung saurer
Grubenwisser.'”” Eine Alternative zum priméren Rohstoff ist das Kupfer aus Sekundéarrohstoffen, wie
Kupferschrotten. Da Kupfer ohne Einbufsen in der Funktionalitét beliebig haufig recyclebar ist, bietet
sich eine nachhaltige Kreislaufwirtschaft an. Diese ermdglicht Einsparungen an den fiir den Bergbau
bendtigten Ressourcen, wie Wasser, Land und Energie. Problematisch ist dabei zum einen die lange
Lebensdauer kupferhaltiger Produkte und zum anderen, dass die Schrotte zunehmend
wertmetalldirmer und komplexer werden. Eine Deckung des Bedarfs an Kupfer durch das Recycling
ist damit derzeit nicht moglich. Auch die Substitution von Kupfer in Produkten ist aufgrund der

charakteristischen Eigenschaften des Metalls nicht in allen Bereichen mgglich." ">

Das zweite Beispiel fiir mineralische Rohstoffe in dieser Arbeit sind die Metalle der Seltenen
Erdelemente (SEE). Sie zeigen vor allem ungewohnliche optische und magnetische Eigenschaften.
Bedingt durch ihre Charakteristika kommen sie in den verschiedensten Anwendungen zum Einsatz:
Glaser, Keramiken, Polituren, Phosphore, Legierungen, Katalysatoren und Magneten, um nur einige
Beispiele zu nennen. FEines der wichtigsten Einsatzgebiete ist die Verwendung der SEE in
Dauermagneten, die wiederum hauptsdchlich in Generatoren zur Energiegewinnung und in
Elektromotoren verbaut werden. Dadurch sind sie unerldssliche Rohstoffe insbesondere fiir die
Energie- und Verkehrswende.” """ Gleichzeitig wird damit auch der stetig steigende Bedarf an SEE
deutlich.”” Der Abbau der SEE-Minerale erfolgt typischerweise im Tagebau. Durch die niedrigen
SEE-Gehalte, kommt es auch hier, wie bei der Kupfergewinnung, zu einem intensiven
Flachenverbrauch und zu grofsen Abraummengen. Problematisch ist vor allem die Vergesellschaftung
der SEE mit Elementen, wie Thorium und Uran, die zu radioaktiv kontaminierten Abwissern und
Stduben in den Abbauregionen fithren.” Wirtschaftlich nutzbares Recycling ist aufgrund des hohen
technischen Aufwands, geringer Riicklaufquoten und der starken Verteilung der SEE in den
Endprodukten sehr schwierig und tragt aktuell nicht zur globalen Versorgung mit SEE bei. Auch die

Substitution mit anderen Elementen ist wegen der speziellen Eigenschaften der SEE kompliziert.”

Eine Losung fiir eine nachhaltige Gewinnung von Kupfer und SEE bietet die Prospektion und
Exploration neuer und die gezielte Ausbeutung bestehender Lagerstdtten. Die Prospektion und
Exploration einer potentiellen Lagerstatte erfolgt tiblicherweise iiber viele Jahre und ist kleinschrittig.
Dabei kommen etliche Techniken zum Auffinden und Erkunden der neuen Lagerstatten zum Einsatz.
Beispiele sind geophysikalische Methoden, Kartierung, Fernerkundung, Bohrungen und
geochemische Analysemethoden. Uberdies beruht die herkdmmliche Verfahrensweise auf den
fachlichen Einschitzungen von Geologen. In seiner Gesamtheit ist dieses Vorgehen personal-, zeit-
und kostenintensiv. Vor allem die systematischen Bohrungen und Probennahmen sowie die
Laboranalytik der Feldproben sind teuer.'*"”"* Zudem wird der lange Nachweiszyklus, bedingt durch

die komplexe Probennahme und -vorbereitung sowie den hohen Personalaufwand, den
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Anforderungen einer schnellen Analyse in der Praxis nicht gerecht. Insbesondere die Probennahme
und -analyse erfordern beim bisher {iblichen Vorgehen einen zeitlichen Aufwand von mehreren
Stunden bis Tagen, bis die laboranalytischen Ergebnisse vorliegen, auf deren Grundlage
Entscheidungen zur weiteren Prospektion und Exploration getroffen werden konnen.
Untersuchungsmethoden, die mittels tragbarer Gerate eine Analyse vor Ort und ohne aufwéndige
Probenvorbereitung erlauben, konnen eine Alternative sein, da sie vor allem die Probennahme und
damit unnoétige Eingriffe in die Natur durch ihre minimalinvasive und oberflaichennahe Anwendung
reduzieren oder iiberfliissig machen und zusétzlich die Detektion von Rohstoffen und Ressourcen in
Kombination mit Beprobung durch Bohrungen erheblich beschleunigen.' Ein Beispiel fiir eine
geeignete mobile Technik ist die Rontgenfluoreszenzanalyse (RFA). Sie ist eine etablierte Methode fiir
die Analyse der chemischen Zusammensetzung geologischer Materialien, wie Gesteine oder
Sedimente.”” Basierend auf der durch Réntgenstrahlung ausgeldsten Fluoreszenzstrahlung wird bei
der RFA die Elementzusammensetzung von vorrangig festen Proben analysiert. Robuste
Kalibrierungsverfahren ermdglichen hierbei eine Quantifizierung der Elementgehalte, wobei eine
Probenvorbereitung nicht zwingend erfoderlich ist. Die Analyse der leichten Elemente, wie Lithium
und Magnesium ist fiir die RFA problematisch.”’ Die jiingste Ergédnzung der mobilen Techniken fiir
die Analyse geologischer Materialien vor Ort ist die laserinduzierte Breakdownspektroskopie (LIBS),
die eine schnelle Analyse aller Elemente des Periodensystems in Probenmaterial jeden
Aggregatzustands erlaubt.” Hierbei wechselwirkt ein Laserpuls mit der zu untersuchenden Probe
unter Ausbildung eines Plasmas. Die vom Plasma emittierte charakteristische Strahlung erlaubt in situ
eine Analyse der elementaren, chemischen Zusammensetzung einer Feldprobe. Neben der
Moglichkeit die LIBS-Instrumente so weit zu miniaturisieren, dass sie als portables Gerét im Feld
eingesetzt werden konnen, machen die simultane Multielementanalytik und die geringfiigige bis nicht
notige Probenvorbereitung die Methode fiir Feldanalysen attraktiv. Vor allem qualitativ hat sich die
Methode in Forschung und Industrie etabliert. Eine quantitative Analyse mittels LIBS ist bis dato
Gegenstand der Forschung.” Die Forschungsschwerpunkte dieser Arbeit umfassen sowohl die
qualitative LIB-Spektroskopie, beispielsweise zur Klassifizierung kupferhaltiger Minerale, als auch die
quantitative LIBS, zur Gehaltsbestimmung von Kupfer in Erzen sowie von SEE in Erzen und Boden.
Dies dient der Evaluierung verschiedener Kalibrierungsmethoden und Quantifizierungsansétze. Fiir
eine verbesserte Genauigkeit der Analysen wird die LIBS mit multivariaten Methoden kombiniert.
Diese Methoden konnen die Komplexitat der Spektren erfassen sowie wichtige Informationen aus den
Spektren extrahieren. Damit konnen sie zur Differenzierung und zur Bestimmung der chemischen
Zusammensetzung und Herkunft der zu analysierenden Materialien eingesetzt werden." Die
Untersuchungen erfolgen mit dem Ziel LIBS als Methode zur ressourcenschonenden und damit
umweltfreundlichen Prospektion und Exploration neuer Kupfer- und SEE-Lagerstitten sowie zur
Identifikation neuer Erzgange in bestehenden Lagerstitten zu erforschen. Ein zusétzliches Augenmerk

liegt auf Analyse landwirtschaftlicher Boden mittels LIBS.
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2. Grundlagen

2.1 Minerale, Gesteine, Lagerstatten und Boden

Minerale sind definiert als natiirlich gebildete, anorganische, stofflich homogene, meist kristalline
Festkorper, die eine charakteristische chemische Zusammensetzung aufweisen. Basierend auf der
chemischen Zusammensetzung der Anionengruppen konnen die Minerale, je nach Autor, in bis zu
neun Mineralklassen eingeteilt werden (Tabelle 1). Zusatzlich werden gediegene Minerale der Klasse
,Elemente” zugeordnet.”**** Die der Klassifizierung vorausgehende Identifikation der Minerale
beruht auf den chemischen und physikalischen Mineraleigenschaften, wie beispielsweise Farbe,

Glanz, Bruch, Harte und Kristallform.

Tabelle 1: Einteilung der Minerale in Mineralklassen nach der Mineralsystematik nach Strunz.”* >

Beispiel
Mineralklasse
Mineral Chemische Formel

I Elemente Kupfer Cu

II  Sulfide, Sulfosalze Chalkopyrit ~ CuFeS,

III Halogenide Boleit KPb3AgoCu,s(OH)4sCle,
IV Oxide, Hydroxide Cuprit Cu,O

V  Karbonate, Nitrate Malachit Cu,(CO;)(OH),

VI Borate Bandylith CuB(OH).Cl

VII Sulfate, Chromate, Molybdate, Wolframate Brochantit Cuy(SO4)(OH),
VIII Phosphate, Arsenate, Vanadate Konichalcit CaCu(AsO,)(OH)

IX Silikate Dioptas CuSiO; - H,O

X  Organische Verbindungen Weddellit Ca[C,04] - 2 H,O

Neben der Identifikation bieten die Charakteristika der Minerale die Moglichkeit die Entstehung der
Gesteine zu rekonstruieren, da die Gesteine aus den Mineralen aufgebaut sind. Ein Gestein ist per
Definition ein natiirliches festes Aggregat aus Mineralen, Mineral- oder Gesteinsbruchstiicken und
Resten von Organismen.”** Gesteine werden in drei Gruppen gegliedert: magmatische Gesteine,
Sedimentgesteine und metamorphe Gesteine. Die Gesteine dieser drei Gruppen kénnen unter dem
Einfluss von Plattentektonik und Klima permanent ineinander iiberfithrt werden. Dieser
Gesteinskreislauf fithrt mitunter zur Anreicherung von Mineralen in der Erdkruste, den sogenannten
Lagerstdtten, die eine dreidimensionale Ausdehnung von zum Teil mehreren hundert Metern
aufweisen. Diese Lagerstatten sind nicht ausschliefilich fiir die Gewinnung von Metallen interessant,
sondern auch als Quelle fiir beispielsweise Baustoffe und Keramiken sowie als Rohmaterialien fiir
Diingemittel und Halbleiterprodukte.”* Im Hinblick auf Lagerstitten mit Mineralen, die fiir die
Metallgewinnung genutzt werden koénnen, bezeichnet man die Vorkommen als Erze und die Minerale
als Erzminerale. Die grofiten Anteile an den Erzmineralen haben die Klassen der Sulfide, Oxide und
Silikate, deren Vorkommen weltweit in Tage- und Untertagebauen abgebaut werden.”*** Eine

weitere Folge des Gesteinskreislaufs ist die Ablagerung von unverfestigtem Material. Diese als
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Lockergestein beschriebenen Sedimente sind durch Sedimentation und durch die Verwitterung von
Gesteinen entstanden. Lockergesteine sind sehr heterogen und konnen organische Bestandteile
beinhalten. Sie werden auch als Boden bezeichnet.”*** In der Land- und Forstwirtschaft steht der
Begriff Boden nicht synonym fiir Lockergestein. Vielmehr werden hier komplexe Auf- und
Abbauprozesse zwischen Atmo-, Bio-, Hydro- und Lithosphére betrachtet.”

22 Kupfer

Kupfer hat eine lange Geschichte. Bereits im Neolithikum wurden farbige Kupferminerale wie
Malachit sowie gediegenes Kupfer verwendet. Mit der Kupferverhiittung beginnt das Chalkolithikum,
die Kupferzeit. Spater, mit zunehmender Entwicklung und Verwendung des Metalls, werden auch die

Kupfersteinzeit und die Bronzezeit nach dem Buntmetall benannt.”

Kupfer kann in der Natur
gediegen vorkommen. Haufiger tritt es jedoch in Verbindung mit anderen Elementen als Minerale
auf.”* Bis dato sind etwa 630 kupferhaltige Minerale bekannt.” Einige Beispiele sind in Tabelle 1
aufgefiihrt. Die sulfidischen Minerale Chalkosin (Cu,S) und Chalkopyrit (CuFeS;) sowie die Minerale
Cuprit (Cu,0) und Malachit Cu,(CO3)(OH), gehoren zu den wirtschaftlich relevanten Kupfererzen.
Fir die Produktion von Kupfermetall ist das haufig auftretende Chalkopyrit das wichtigste
Erz.” Kupfererze treten in Lagerstitten verschiedenster Typen auf, die sich vor allem im Erzgehalt,
der Tonnage, den Begleitmetallen und dem geologischen Umfeld stark voneinander unterscheiden
konnen. Daneben haben die mechanischen, mineralogischen und physikalischen Eigenschaften der
Kupfererze und Begleitgesteine Auswirkungen auf die Bauwiirdigkeit einer Lagerstitte.'” Der Begriff
der Bauwiirdigkeit beschreibt dabei die Rentabiliit des Erzabbaus.” Kupferlagerstitten konnen
magmatischen oder hydrothermalen Ursprungs sein oder sie sind ein Resultat aus Sedimentation und
Verwitterung. Die meisten Kupferlagerstitten gehoren zu den hydrothermalen Depots, wie
beispielsweise die vulkanogenen massiven Sulfidlagerstdatten (VMS, von engl.: vulcanic massive
sulfide deposit)."” Diese Lagerstitten entstehen durch die Exhalation von Sulfiden aus Schwarzen
Rauchern am Meeresboden der Tiefsee. Die mit zum Beispiel Kissenlaven bedeckten Erzhiigel
unterhalb der Schwarzen Raucher bilden die Lagerstédtten. Dieser massive Sulfidkorper ist der obere
Abschluss der sogenannten Stockwerkzone. Das sind Kluftbereiche, die durch den Aufstieg von
hydrothermalem Wasser mit Erzen gefiillt wurden."” Weltweit gibt es zahlreiche VMS-Lagerstitten. Sie
unterscheiden sich in ihren Charakteristika und koénnen beispielsweise aufgrund der Typlokalitat
klassifiziert werden. Eine solche Typlokalitdt ist der Zypern-Typ VMS. Hier sind die Schwarzen
Raucher im Basalt der Kissenlaven im Troodos-Ophiolith, einem Teil ozeanischer Lithosphare, das
nach seiner Entstehung in der Kreidezeit auf einen Kontinentrand geschoben wurde,
lokalisiert.”** Auf Zypern gibt es zahlreiche VMS-Lagerstitten, deren Abbau bereits zur Bronzezeit
begann. In der Neuzeit existierten 24 Kupferminen. Heute wird noch in einer Mine aktiv das

15, 28, 34

Kupfererz Chalkopyrit abgebaut.

Sedimentdre Kupferlagerstétten, die durch Verwitterung und Sedimentation entstehen, stellen die
zweithdufigste Quelle fiir Kupfererze dar.” Zu diesen Depots gehdren die stratiformen
sedimentgebundenen Kupferlagerstatten (SSC, von engl.: stratiform sediment-hosted copper
deposits), wie zum Beispiel der in Mitteleuropa auftretende Kupferschiefer. Als Kupferschiefer wird
hier eine Ablagerungsschicht des Zechsteinmeeres bezeichnet. Der Schwarzschiefer ist ein mit
organischem Material reicher Tonstein. Die Anreicherung des Schwarzschiefers mit Kupfer und
seinem Begleitmetallen erfolgte wahrend der Diagenese, also der Verfestigung der lockeren

Sedimente. In Mitteleuropa ist das polnische Revier Lubin das bedeutendste Vorkommen. Mit seinen
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drei aktiven Minen gehort es weltweit zu den wichtigsten Lagerstatten fiir Kupfer. Neben dem
Kupfererz Chalkopyrit, finden sich in der Kupferzone des polnischen Kupferschiefers auch die

17,35

kupferhaltigen Minerale Chalkosin und Bornit.

Weltweit werden die Kupfererze im industriellen Bergbau gefordert. Der Abbau erfolgt dabei,
aufgrund der Erzgehalte, fast ausschliefilich im Tagebau. Ein Abbau Untertage findet haufig erst dann
statt, wenn der Tagebau weit fortgeschritten ist. Vor Ort wird das Erz in der Regel durch Sprengungen
gelost und einer Vorzerkleinerung unterzogen. Die weitere Erzaufbereitung richtet sich nach der
Mineralogie der Lagerstdtte und Erze. Sie erfolgt entweder pyrometallurgisch fiir sulfidische Erze

oder hydrometallurgisch in Kombination mit Laugung fiir oxidische Erze.'>"

2.3 Seltene Erden

Die Geschichte der Seltenen Erdelemente begann 1794 mit der Entdeckung des Elements Yttrium. 1945
wurde mit Promethium das letzte der 17 SEE beschrieben. Zur Gruppe der Seltenen Erden zihlen die
15 Elemente der Lanthanide, sowie Scandium und Yttrium.” 2% Ublicherweise werden die SEE
aufgrund ihrer Atomgewichte in schwere und leichte SEE eingeteilt (Tabelle 2). Die leichten Seltenen
Erden umfassen alle Elemente von Lanthan bis Europium, wihrend die Elemente Gadolinium bis

Lutetium sowie Yttrium die Gruppe der schweren SEE bilden."

Tabelle 2: Einteilung der Lanthanide und Yttrium in leichte und schwere SEE.

Leichte Seltene Erdelemente

La Ce Pr Nd Pm Sm Eu

Lanthan Cer Praesodym Neodym Promethium Samarium Europium

Schwere Seltene Erdelemente

Gd Tb Dy Ho Er Tm Yb Lu Y

Gadolinium Terbium Dysprosium Holmium Erbium Thulium  Ytterbium Lutetium Yttrium

Rar sind die meisten SEE nicht. Entgegen ihres Namens kommen sie durchschnittlich genauso haufig
vor wie Kupfer. Die SEE liegen in der Natur jedoch nicht gediegen vor. Sie sind vielmehr, aufgrund
ihres dhnlichen chemischen Verhaltens, in komplexen Mineralen vergesellschaftet.” * Heute sind etwa
245 SEE-haltige Minerale bekannt. Darunter vor allem Karbonate, Oxide, Phosphate und Silikate. Zu
den wirtschaftlich wichtigsten Mineralen zdhlen vorrangig Bastnésit (Ce, La, Y, Nd)COsF, ein
Karbonatmineral sowie die Phosphate Monazit (La, Ce, Nd, Sm, Th)PO, und Xenotim (Y, Yb)PO,. Die
Komplexitdt der Minerale wird durch das Auftreten vieler verschiedener SEE in unterschiedlicher
Zusammensetzung und die Assoziation mit radioaktiven Elemente wie Thorium oder Uran in einem
Mineral ausgemacht. Obwohl die Minerale mehrere SEE enthalten, tendieren sie dazu, entweder nur
leichte oder nur schwere SEE in ihr Kristallgitter einzubauen. Die Minerale Bastnasit und Monazit
sind eine Quelle fiir hauptséachlich leichte SEE, wie Cer, Lanthan oder Neodym. Schwere SEE, wie
Yttrium und Ytterbium, sind stirker in Xenotim angereichert.” "' **¥ Trotz ihres vergleichsweise
héaufigen Vorkommens in der Erdkruste, sind die SEE selten in abbauwiirdigen Lagerstatten

vorzufinden.

Neben Lagerstatten, die durch hydrothermale, magmatische oder metamorphe Prozesse gebildet
wurden, gibt es auch Depots, die durch Verwitterung und Erosion entstanden sind. SEE-Lagerstatten

treten in den unterschiedlichsten geologischen Umgebungen auf, sodass sie nur schwer klassifiziert
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werden konnen. Zu den bedeutendsten Lagerstatten zdhlen die Karbonatit-Intrusionen. Sie sind
magmatischen Ursprungs und enthalten vorrangig die Minerale Bastnisit und Monazit. Ahnlich wie
in den Mineralen variiert auch die Zusammensetzung der Selten Erden-Lagerstétten stark: Die
leichten SEE treten deutlich haufiger auf, als die schweren SEE. Eine Quelle fiir schwere SEE sind die
sogenannten lonenadsorptionstone, an deren Oberfliche die SEE adsorbiert sind. Peralkaline
Lagerstatten, wie sie beispielsweise in Kanada und Schweden vorkommen, sind derzeit nicht
bauwiirdig, aufgrund der komplexen Aufbereitung der SEE. Sie weisen vor allem ein grofies Potential
an schweren SEE auf. Der Abbau von SEE-Lagerstitten erfolgt hauptsdchlich in industriellen
Tagebauen. Die Aufarbeitung der abgebauten Minerale ist, aufgrund der Ahnlichkeit der SEE,
aufwéndig und erfordert zahlreiche Schritte, die von den jeweiligen enthaltenen SEE abhingen. Sie
umfasst physikalische Anreicherungsverfahren, gefolgt von einer Konzentrierung mittels chemischer
Methoden. Wenn mdglich, wird auf die vollstindige Aufarbeitung zu reinen SEE-Metallen oder
-oxiden zugunsten von Mischmetallen verzichtet.”'**** Neben den Vorkommen der SEE in
Lagerstatten, finden sie sich auch als Spurenelemente in Boden, in tierischen Zellen und in Pflanzen.
Die Verfiigbarkeit der Seltenen Erden in diesen Teilen der Umwelt ist, in Abhédngigkeit vom
Ausgangsmaterial, durch geochemische und biologische Prozesse bedingt. Von besonderer Relevanz
ist dabei die Verwitterung der SEE-haltigen Minerale. Dadurch gelangen die SEE primdr in die Boden,
konnen aber auch in neue Minerale eingebaut werden. Aus den Boden nehmen die Pflanzen die SEE

auf. Durch die pflanzliche Nahrungsaufnahme von Tieren gelangen sie in tierische Zellen.” *

2.4 Laserinduzierte Breakdownspektroskopie

Die laserinduzierte Breakdownspektroskopie ist Teil der optischen Elementanalytik. Sie beruht auf der
Emission angeregter Spezies und erlaubt dadurch die qualitative und quantitative Bestimmung der
Elementzusammensetzung zahlreicher Proben-materialien.*”** Die Entstehung dieser spezifischen
Laserablationsmethode ist eng an die Entwicklung des Lasers gebunden. Aufgrund der
Wechselwirkung eines Laserpulses mit der zu analysierende Probe wird ein Plasma induziert, das die
probenspezifischen Spektrallinien emittiert.""* 1960 konnte erstmals ein Laser vorgestellt werden.
Dessen Weiterentwicklung fithrt wenige Jahre spadter zu einem Laser, der erstmals ein analytisch
nutzbares Laserplasma an einer Oberfliche erzeugen konnte.” Mit den Jahren wuchs das Interesse an
der LIBS. Anfanglich lagen das Augenmerk vorrangig auf der Grundlagenphysik der Plasmabildung.
Mit der Zeit eroffneten jedoch die technologischen Weiterentwicklungen der einzelnen
LIBS-Komponenten, wie Laser, Spektrometer und Detektoren neue Messmoglichkeiten und
Anwendungsfelder.” Innerhalb kurzer Zeit entwickelte sich die qualitative Methode zu einer

quantitativen Technik weiter.”

Heute ist die LIBS eine etablierte Analysemethode sowohl in
wissenschaftlichen, als auch in technischen Bereichen. Neben Grundlagenforschung zu Plasmaphysik
und -spektroskopie, findet sie in zahlreichen analytischen Fragestellungen Anwendungen. Zum
Einsatz kommt die LIBS beispielsweise in den Bereichen der Industrie und Forschung, Forensik,
Geochemie, Biomedizin, Pflanzen- und Bodenkunde. Aber auch in der Fernerkundung sowie in der
Weltraumerforschung wird die Technik der laserinduzierten Breakdownspektroskopie genutzt.
Beispielsweise bei der Erforschung des Mars, bei der die LIBS Teil der Marsrover ,Curiosity” und
, Persevearence” ist, die unter anderem Boden- und Gesteinsanalytik vornehmen.* ** Der Einsatz der
LIB-Spektroskopie in vielfdltigen Anwendungen ist durch die zahlreichen Vorteile der Methode
begriindet. Insbesondere die Moglichkeit Gase, Fliissigkeiten und Feststoffe ohne Einbuflen in der

Qualitdt messen und dabei simultan alle enthaltenen Elemente detektieren zu kdonnen, macht die
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Technik fiir ein breites Anwendungsspektrum interessant. Die schnelle oder gar Echtzeitanalyse kann
on-line oder in situ erfolgen. Dafiir sind keine speziellen Messbedingungen und keine oder lediglich
eine minimale Probenvorbereitung erforderlich. Die Messung kann orts- und tiefenaufgeldst erfolgen.
Das analysierte Material wird dabei minimal verbraucht. Problematisch ist die quantitative Analytik
von Elementen, bedingt durch Matrixeffekte und die Notwendigkeit von Referenzmaterialien fiir eine
Kalibrierung. Ein weiteres Manko ist, dass keine molekularen Informationen erhalten werden kénnen,
da durch die hohen Plasmatemperaturen alle chemischen Bindungen aufgebrochen werden.
Allerdings ist es moglich die LIBS mit anderen Techniken, z.B. der Raman-Spektroskopie zu
kombinieren und somit Zugang zu elementaren als auch zu molekularen Informationen zu
erhalten.”” Weiterhin ist es moglich das LIBS-Messsystem zu miniaturisieren und die Technik in

portablen Geriten einzusetzen. ' ***

241  Prinzip

Das Messsystem der LIB-Spektroskopie ist im Wesentlichen, wie in Abbildung 1 dargestellt, aus drei
Komponenten aufgebaut: einem Lasersystem (1), Lichtleitungs- und Sammeloptiken (2) und einer
spektral aufgelosten, optischen Detektions-einheit (3). Die spektroskopische Analyse der
Elementzusammensetzung der Probe erfolgt mittels eines fokussierten Laserstrahls. Dieser wird auf
die Probe gerichtet. Ist die Laserenergie pro Flache hoch genug, wird die Probenoberflache so stark
erhitzt, dass Probenmaterial verdampft und ein Plasma geziindet wird. Das Plasma erscheint als ein
sehr heller, weifler Blitz und wird von einer akustischen Emission begleitet. Die entstandene
Plasmawolke emittiert Licht, das zundchst gesammelt und spektral zerlegt wird. Anschlieffend wird es
detektiert und als Spektrum der Intensitdt gegeniiber der Wellenldnge von einer Computereinheit

ausgegeben. " *
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Abbildung 1: Schematischer Aufbau des Messsystems der LIB-Spektroskopie mit 1 Lasersystem,
2 Lichtleitungs- und Sammeloptiken und 3 optischer Detektoreinheit, nach SciAps*

In der LIB-Spektroskopie werden unterschiedliche Typen von Lasern genutzt, von UV-Excimer-Lasern
bis hin zu Infrarot-Festkorper-Lasern. Dabei beeinflussen die verschiedenen Absorptions-
charakteristika der Laserstrahlung wéhrend der Plasmabildung das Verhalten des resultierenden
Plasmas. Am hdufigsten werden als Laserquellen in der LIBS gepulste Nd:YAG-Laser mit einer
Wellenldange von A =1064 nm, einer Pulsdauer von 1 bis 20 ns und Pulsenergien von 5 bis 150 m]

verwendet.*>*

Als Detektoren werden in der LIB-Spektroskopie hauptsdchlich Arraydetektoren genutzt, die auf der
CCD- oder ICCD-Technologie (von engl: (intensified) charge-coupled device) basieren. Das
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ladungsgekoppelte Halbleiter-Bauelement (CCD) detektiert Photonen, wandelt sie in Photoelektronen
um und detektiert sie als elektrische Ladungen. In der ICCD-Technologie werden verstarkte
CCD-Sensoren genutzt. Der Verstarker vervielfacht die Photoelektronen und besitzt die Fahigkeit die
Blende sehr schnell zu schlieffen, wahrend bereits detektierte Photonen weiter umgewandelt werden.
Dadurch sind ICCD-Sensoren fiir Anwendungen mit Einzelphotonendetektion und Belichtungs-

dauern im Subnanosekundenbereich, wie der LIBS, interessant.*"*

Die folgenden Betrachtungen der Plasmabildung und -charakteristika werden am Beispiel einer festen
Probe vollzogen, da in der vorliegenden Arbeit ausschliefSlich mit Feststoffen als Probenmaterial

gearbeitet wurde.

2.4.2  Plasma und Breakdown

Die Wechselwirkung des Laserstrahls mit der Probe sind zentraler Bestandteil der LIB-Spektroskopie
und Grundlage fiir die Bildung eines analytisch nutzbaren Plasmas. Aus der Wechselwirkung
resultiert die Ziindung des Plasmas und damit verbunden die Atomisierung und Anregung des
untersuchten Probenmaterials sowie die Emission charakteristischen Lichts. Betrachtet man diesen
Schritt der LIBS im Detail, kann folgender zeitlicher Ablauf der Plasmaentwicklung (Abbildung 2)
beobachtet werden. Wenn ein Laserstrahl mit ausreichend hoher Energie mit einer Probenoberfldache
interagiert, absorbiert das Probenmaterial die zugefiihrte Energie.” Aufgrund der hohen Energie-
dichte kommt es zu einer sehr schnellen und lokalen Erwdrmung und infolgedessen zu einer Ablation
des Probenmaterials. Durch einen weiteren Energieeintrag mittels des Laserstrahls wird das ablatierte

Material verdampft, weiter erwarmt und atomisiert. Das Plasma erreicht Temperaturen typischer-
Laserstrahl
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Abbildung 2: Zeitlicher Verlauf der Plasmabildung in der LIB-Spektroskopie unter Einwirkung eines

Plasma-
emission

Laserstrahls auf eine Oberflache eines Feststoffs, nach Bohling.49

weise in der Groenordnung von 10° K bis 10° K. Die gebildeten Atome erfahren durch die zugefiihrte
Laserenergie eine Anregung und werden teilweise ionisiert. Durch diese Initialionisation entstehen
freie Elektronen. Die Absorption weiterer Laserenergie fithrt zu einer Beschleunigung dieser
Elektronen.” Diese Kaskadenionisation resultiert in einem Plasma. Die Gesamtheit der Bildungs-
prozesse des Plasmas wird als Breakdown bezeichnet. Das Plasma selbst ist ein gasférmiges Gemisch,
in dem sich neutrale Atome und Molekiile in Grund- und angeregten Zustanden, positiv und negativ
geladene Ionen in Grund- und angeregten Zustanden sowie freie Elektronen befinden. Es tritt als
weifler Blitz auf, der durch einen horbaren Knall begleitet wird. Dieser resultiert aus einer Druckwelle,
die durch die Plasmabildung entsteht. Erreicht die Druckwelle die Schallgeschwindigkeit wird ein

lauter Knall erzeugt. Das entstandene Plasma dehnt sich in alle Richtungen aus. Die Zufuhr weiterer
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Energie wird mit der Beendigung des Laserpulses eingestellt. Die Abkiihlphase des Plasmas setzt
wahrend der Expansionsphase ein und es kommt zur Emission charakteristischer,
elektromagnetischer Strahlung durch die angeregten Plasmateilchen. Die Abkiihlphase endet mit dem
Zerfall des Plasmas. Nach Beendigung der LIBS-Messung resultiert aus der Ablation des
Probenmaterials eine kleine kraterformige Vertiefung. In Abhéngigkeit von der Laserenergie und dem

untersuchten Material weist sie einen Durchmesser im Mikrometerbereich auf. * 3 #4647

Das Emissionsspektrum wird in den ersten Nanosekunden nach dem Breakdown durch die

kontinuierliche Untergrundstrahlung dominiert (Abbildung 3). Diese Kontinuumsstrahlung tritt

kontinuierliche
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Abbildung 3: Zeitliche Entwicklung des Plasmas in Abhédngigkeit von der Signalintensitét in der
LIB-Spektroskopie, nach Telle®

durch die Brems- und Rekombinationsstrahlung des Plasmas auf. Werden die freien Elektronen durch
das elektrische Feld der positiv geladenen Plasmateilchen abgebremst, emittieren sie
elektromagnetische Bremsstrahlung. Gleichzeitig rekombinieren die freien Elektronen mit den Ionen
des Plasmas wahrend der Abkiihlungsphase und senden dabei Rekombinationsstrahlung aus. In
dieser Zeit konnen ausschliefllich sehr starke Emissionslinien beobachtet werden. Die Emission
charakteristischer elektromagnetischer Strahlung, die fiir die Spektralanalyse relevant ist, resultiert
aus Ubergingen der Plasmateilchen aus energetisch hoheren Zustinden in energetisch niedrigere
Zustdnde. Die Relaxation der Atome fiihrt dabei zu diskreten Linienspektren, zunéachst von Ionen und
Atomen, spater auch von Molekiilen (Abbildung 3). Die unspezifische Brems- und Rekombinations-
strahlung weist eine kiirzere Abklingzeit auf, als die charakteristischen Elementemissionen. Dadurch
kann eine zeitaufgeloste Detektion das wenig aussagekraftige Weifllicht von den Messungen der
charakteristischen Linienspektren separiert werden. Oft verbessern sich bereits nach etwa einer
Mikrosekunde das Signal zu Untergrund- und das Signal zu Rauschen-Verhaltnis um ein Vielfaches,
sodass die analytisch relevanten Emissionslinien wesentlich scharfer werden. Typischerweise erfolgt

41,42, 49, 52, 53

die Detektion bei einem LIBS-Experiment etwa 1 ps nach dem Laserpuls (Abbildung 3).

243  Emissionsspektrum

In einem Emissionsspektrum wird die detektierte Signalintensitit gegen die Wellenlange in
Nanometer aufgetragen. Ein durch die LIB-Spektroskopie erhaltenes Emissionsspektrum weist
typischerweise eine Vielzahl an Spektrallinien auf. Die Auswertung eines solchen Spektrums gewahrt

Informationen zum untersuchten Probenmaterial sowie zum Plasma.
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Informationen {iber die qualitative und quantitative elementare Zusammensetzung des untersuchten
Probenmaterials, erfordern zunichst eine Identifikation der detektierten Emissionslinien. Uber die
Lage der Emissionslinien und ihre Intensitdt konnen den Linien die entsprechenden Elemente mit
Hilfe von Datenbanken zugeordnet werden. Eine der am haufigsten genutzten und gleichzeitig
vollstindigsten Datenbanken fiir Emissionslinien ist die Datenbank des Nationalen Instituts fiir
Normen und Technologien (NIST, von engl.: national institute of standards and technology).** Die
Lage einer Emissionslinie im Spektrum resultiert unmittelbar aus dem elektronischen Ubergang eines
angeregten Teilchens im Plasma in einen energetisch niedrigeren Zustand. Die bei dem Ubergang
emittierte Strahlung weist eine definierte Frequenz auf, die durch die Energiedifferenz der Zustdande
bestimmt ist. Die Frequenz und damit auch die Wellenlénge ist charakteristisch fiir den Ubergang und
kann einem chemischen Element zugeordnet werden. Um ein chemisches Element anhand eines LIB-
Spektrums sicher zu identifizieren, ist typischerweise das Vorhandensein von mindestens zwei Linien
hoher Intensitdt dieses Elements erforderlich.” Durch die Zuordnung der Elemente zu den
Spektrallinien werden Informationen {iiber die in der untersuchten Probe enthaltenen Elemente

gewonnen, die qualitative Aussagen iiber die elementare Zusammensetzung des Materials erlauben.

Angaben zur quantitativen Zusammensetzung eines Probenmaterials konnen ebenfalls mittels der
LIBS erhalten werden. Dies kann entweder durch den Einsatz von Kalibrationskurven oder durch die
kalibrationsfreie Methode (CF-LIBS, von engl.: calibration-free LIBS) realisiert werden. Die in dieser
Arbeit verwendete Methode der Kalibrationskurven ist in der analytischen Chemie auch als
Standardadditionsmethode bekannt. Die Methode erfordert Referenzproben, die das zu analysierende
Element in bekannten unterschiedlichen Konzentrationen beinhalten. Die Auftragung der gemessenen
Intensitat oder -fliche des Elementemissionssignals als Funktion der Konzentration erlaubt eine
Anpassung der Messdaten. Die Konzentration der unbekannten Probe kann anschliefend durch
Interpolation ermittelt werden.” Die CF-Methode benétigt dahingegen keine Referenzmaterialien. Sie
basiert auf dem Ansatz, dass das LIB-Spektrum alle zur Bestimmung der Elementzusammensetzung
notwendigen Informationen enthélt. Mit Hilfe eines mathematischen Modells, dass einige Annahmen
das Plasma betreffend erfordert, kann die Konzentration einer unbekannten Probe ermittelt werden.
Dabei werden die Spektrallinien aller Probenbestandteile detektiert und Boltzmann-Plots
(Gleichung 1) entwickelt. Die Schnittpunkte der Boltzmann-Plots erlauben die Berechnung der

Konzentrationen der Probenbestandteile.** *°

Die quantitative LIB-Spektroskopie wird vor allem durch sogenannte Matrixeffekte erschwert. Diese
beeinflussen die Kalibrierung und damit die Ermittlung der Konzentration und sind fiir die
Verschlechterung der Messgenauigkeit in LIBS verantwortlich. Matrixeffekte treten auf, wenn die
physikalischen und chemischen Eigenschaften das Elementsignal beeinflussen. Die Veranderung des
Elementsignals resultiert in Ungenauigkeiten der Elementkonzentration, obwohl diese unverandert
ist. Die physikalischen Matrixeffekte resultieren aus den physikalischen Eigenschaften des
Probenmaterials. Die quantitative LIBS kann beispielsweise durch Probenbeschaffenheiten, wie
verschiedene Korngrofien, Inhomogenitaten oder Feuchtigkeit beeinflusst werden. Die physikalische
Matrixeffekte stehen zudem in enger Korrelation mit dem Ablationsprozess der LIB-Spektroskopie.
Sie konnen zu unterschiedlich starken Ablationen des Materials fiihren, obwohl die Charakteristika
des Ablationsprozesses an sich gleich bleiben. Chemische Matrixeffekte betreffen die chemischen
Eigenschaften, wie zum Beispiel die Zusammensetzung der Probe. Sie bezeichnen das Phanomen,
dass Elemente die Emissionen eines anderen Elements beeintrachtigen konnen. Die Kalibrierung und

damit auch die fehlerfreie Bestimmung von Elementgehalten im untersuchten Probenmaterial ist
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hierdurch erschwert. In der kalibrierungsfreien LIB-Spektroskopie werden die Matrixeffekte durch

das angewendete mathematische Modell intern korrigiert.*" > ¥ %

Neben den qualitativen und quantitativen Daten zum Probenmaterial enthalt das Emissionsspektrum
Informationen zur Plasmacharakteristik. Die wichtigsten Parameter zur Beschreibung des Plasmas
sind die Plasmatemperatur, die Plasmaelektronendichte und die Linienprofile der Emissionslinien. In
einem Plasma laufen zahlreiche Prozesse unter Beteiligung von Elektronen und Photonen ab:
Emission, Photoionisation, Rekombination, Absorption, Relaxation und Anregung. Fanden diese
Prozesse in einem thermodynamischen Gleichgewicht statt, wiirden die Prozesse genauso oft
auftreten, wie ihre umgekehrten Prozesse. Dadurch waren alle Prozesse ausgeglichen. Damit ware es
moglich, das Plasma anhand der Plasmatemperatur und -elektronendichte vollstindig zu beschreiben.
Kann keine konstante Temperatur erreicht werden, wie bei einem laserinduzierten Plasma, existiert
ein Temperaturgradient. Das Plasma ist inhomogen und die Betrachtungen des gesamten Plasmas im
thermodynamischen Gleichgewicht sind unbrauchbar. Denkbar ist jedoch, dass sich sehr kleine
raumliche Bereiche im Plasma in einem Gleichgewicht befinden. Fiir diese Bereiche wird ein lokales
thermodynamisches Gleichgewicht (LTE, von engl.: local thermodynamic equilibrium) angenommen.
Bedingung fiir diese Annahme ist, das die Kollisionsrate innerhalb des Plasmas grofler ist als die
Strahlungsrate. Innerhalb dieser Bereiche kann von einer konstanten Temperatur und

Elektronendichte ausgegangen werden.*****

Innerhalb eines Plasmas existieren verschiedene Temperaturen, die aber im Fall des LTE lokal
ausgeglichen sind. Um die Plasmatemperatur zu bestimmen, ist die Betrachtung einer dieser
Temperaturen ausreichend. Ublicherweise wird in der LIB-Spektroskopie die Anregungstemperatur
des Plasmas stellvertretend fiir die Plasmatemperatur ermittelt. Mittels der Boltzmann-Plot-Gleichung

(Gleichung 1)® kann die Temperatur T des Plasmas bestimmt werden.

I:h~v.»-n-l-giAij exp _ B (1)
QI P\ TR T

Hier ist I (Wm™) die Intensitt, & (Js) die Planck-Konstante, v; (s') die Ubergangsfrequenz, n (m”) die
Dichte der Spezies, I (m) die optische Weglinge, A;(s") die Ubergangswahrscheinlichkeit nach
Einstein, g; (dimensionslos) die Entartung des oberen Energieniveaus und Q(T) (dimensionslos) ist die
Zustandssumme der betrachteten Spezies. Die Energie des oberen Energieniveaus E;(J), die
Boltzmann-Konstante k; (JK") und die Temperatur T (K) sind Teil des letzten Terms der Gleichung 1.
Die Indizes i und j beziehen sich auf das obere und untere Energieniveau des Ubergangs. Die lineare
Form der Gleichung erlaubt die Temperaturermittlung aus der Steigung mit Hilfe einer linearen
Regression. Anhand der Intensitdtsverhéltnisse zweier Linien im Emissionsspektrum kann die
Plasmatemperatur bestimmt werden. Betrachtet werden typischerweise zwei Linien eines Elements.
Bei der Betrachtung zweier neutraler Linien kann die obige Gleichung 1 wie beschrieben zur
Temperaturermittlung herangezogen werden. Werden jedoch eine ionische und eine neutrale Linie
genutzt, muss die Boltzmann-Plot-Gleichung um geladene Spezies zur Saha-Boltzmann-Gleichung

(Gleichung 2)™***" °! erweitert werden.

)

I Atom

IIan _2(2ﬂzmekBT)3/2 (gA) A u++EIon+EAmm
B n, n A o (gA )Amm x kgT o

Beschrieben wird hier die Intensitét I fiir ionische (I;,;) und atomare (Ix.m) Spezies. Hierbei ist A (nm)

die Wellenldnge, m, (kg) die Elektronenmasse, 7, (cm'3) die Elektronendichte und Ej, (J) sowie Eam (])
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stehen fiir die Anregungsenergien. u: (J) ist das Ionisationspotential des Atoms und T, (K) ist die
Ionisationstemperatur. Da die Elektronendichte und die Plasmatemperatur nicht im Voraus bekannt
sind, muss die Berechnung iterativ erfolgen. Eine Plasmatemperatur liegt typischerweise im Bereich

von 0,5< T<2eV.¥%®>¥

Die Elektronendichte kann direkt aus den Linienprofilen bestimmter spektraler Linien des
Emissionsspektrums bestimmt werden. Die Emissionslinien sind aufgrund von Effekten, die die
Spektrallinien verbreitern, nicht unendlich schmal. Statt diskreter Linien bei einer definierten
Wellenldnge, treten im Spektrum schmale Banden iiber mehrere Pikometer auf. Diese verbreiterten
Linienprofile lassen sich auf verschiedenen Mechanismen zuriickfiithren. Zu den wichtigsten zdhlen
die natiirliche Linien-, die Doppler- und die Druckverbreiterung, sowie die sogenannte
Selbstabsorption. Die Linien- und Dopplerverbreiterung haben die geringsten Einfliisse auf
Veranderung des Linienprofils in der LIB-Spektroskopie. Der dominierende Prozess der
Linienverbreiterung in der LIBS ist die Stark-Verbreiterung, die Teil der Druckverbreiterung ist. Sie
beruht auf Wechselwirkungen zwischen den emittierenden Atomen und Ionen und den umgebenden
Partikeln. Im Plasma héngt die Auswirkung der Interaktion zwischen den Teilchen von der Art der
beteiligten Spezies ab. Neben der van der Waals- und der Resonanzverbreiterung, die bei Kollisionen
neutraler Teilchen auftreten, {iberwiegt in heifen Plasmen mit hoher Elektronendichte der
Stark-Effekt. Die emittierenden Ionen erfahren durch die umgebenden Elektronen und Ionen des
Plasmas ein elektrisches Feld. Fiir die emittierenden Ionen variiert dieses Feld statistisch und es
schwankt mit der Zeit. Die durchschnittliche Starke der Beeinflussung in den gebundenen Zustanden
bedingt die Gesamtbreite der resultierenden Linienprofile. Die Linienverbreiterung durch den
linearen Stark-Effekt tritt beim Wasserstoffatom und wasserstoffahnlichen Atomen auf. Bei allen
anderen Teilchen tritt ein quadratischer Stark-Effekt auf. Zusatzlich zur Linienverbreiterung kommt es

hierbei zu einer Linienverschiebung zu lingeren Wellenlingen.*"*>>**

Unter der Annahme, dass die Stark-Verbreiterung die Mechanismen dominiert und alle anderen
Verbreiterungsmechanismen vernachlassigbar sind, ist die Elektronendichte n, des Plasmas aus der
Stark-Verbreiterung zuginglich. Hierfiir wird die Linienbreite der ersten Wasserstofflinien der
Balmerserie (Ha 656,28 nm) ermittelt. Aus der Halbwertsbreite der Ha-Linie kann mittels

Gleichung 3** die Elektronendichte iterativ bestimmt werden.

;15:8,021012(&)3/2 om? 3)
aya(T, n,)

Hier ist AAyp (A) die ermittelte Halbwertsbreite der gemessenen Ha-Linie und ay,(1, n,) (A) ist die
tabellierte Halbwertsbreite der Ha-Linie” in Abhédngigkeit von der Plasmatemperatur T und der
Elektronendichte n,. Beachtet werden muss, das die Ha-Linie nur dann fiir die Berechnung der
Elektronendichte brauchbar ist, wenn die Elektronendichte nicht zu hoch ist (1,< 10" cm™), da sie bei
hoheren Elektronendichten einer zusatzlichen Verbreiterung durch die Selbstabsorption unterliegen
kann.” Typische Elektronendichten in der LIB-Spektroskopie liegen im Bereich von

1015< n, < 1018 Cm-3.49,52,59

Bei Plasmabedingungen unter denen sehr hohe Elektronendichten auftreten, absorbiert das Plasma
seine eigene Emission. Durch die Absorption kommt es zu einem verbreiterten Linienprofil der
Spektrallinien. Ein Spezialfall der Selbstabsorption kann zusétzlich das Profil der Linien beeinflussen,

wenn die Emission vom heifien Inneren des Plasmas auf dem Weg nach aufSen, eine kalte Zone unter
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Absorption passiert. Spektrallinien, die davon betroffen sind, zeigen in der Linienmitte eine
Einwolbung oder ein Plateau. Dieser Effekt wird Selbstumkehr genannt und kann dazu fiihren, dass
nicht zweifelsfrei bestimmt werden kann, ob es sich um eine oder zwei Spektrallinien handelt. Fiir die
Charakterisierung des Plasmas muss gewdhrleistet sein, dass es sich um ein optisch diinnes Plasma

49, 53, 52

mit geringer Teilchendichte handelt.

2.4.4  LIBS-Instrumente

Ein LIBS-System besteht, wie oben beschrieben, aus den drei Hauptkomponenten Lasersystem,
Lichtleitungs- und Sammeloptiken sowie der optischen Detektionseinheit. Mit steigendem
Bekanntheitsgrad der LIBS-Technik wurden zahlreiche LIBS-Systeme mit unterschiedlichen
Konfigurationen und Spezifikationen entwickelt.” In der vorliegenden Arbeit wurden zwei
verschiedene Systeme verwendet: Es kamen ein stationdres LIB-Spektrometer und ein mobiles
Handheld-LIB-Spektrometer zum Einsatz.

Die optische Detektionseinheit des stationdren LIB-Spektrometers besteht aus einem
Echelle-Spektrometer in Kombination mit einer ICCD-Kamera. Echelle-Spektrometer werden seit den
1990er Jahren in der LIB-Spektroskopie genutzt. Sie erfiillen simultan zwei Anforderungen der
LIBS-Technik, die aus den hochkomplexen Spektren resultieren: Sie decken einen weiten spektralen
Bereich ab und haben gleichzeitig eine hohe spektrale Aufldsung. Ein Echelle-Spektrometer beruht
typischerweise auf zwei kombinierten Dispersionselementen, einem sogenannten Echelle-Gitter und
einem Prisma. Das Echelle-Gitter ist ein spezielles Beugungsgitter. Die Gitterfurchen des
Echelle-Gitters sind als unsymmetrische, dreieckige Stufen ausgebildet. An den schmalen
Vorderseiten, die verspiegelt sind, wird der einfallende Strahl optimal reflektiert. Es ergibt sich ein
grofler nutzbarer Spektralbereich und zahlreiche Beugungsordnungen. Genutzt werden die hoheren
Beugungsordnungen, da hier eine effektive Zerlegung des einfallendes Lichts in die Spektrallinien
erfolgt und damit eine hohe Aufldsung im Spektrum erreicht werden kann.””** Es kommt jedoch bei
hohen Ordnungen zu einem Uberlapp zwischen den langen Wellenlingen einer Ordnung mit den
kurzen Wellenlingen der nichsten Ordnung. Um diese Uberlappung zu vermeiden, wird bei
Echelle-Spektrometern ein zweites optisches Element orthogonal zur Beugungsrichtung des
Echelle-Gitters eingesetzt. Dies ist tiiblicherweise ein Prisma, das die Spektren verschiedener
Ordnungen trennt. Es resultiert eine zweidimensionale Auftrennung der spektralen Information. Die
einzelnen Ordnung des Spektrums konnen anschliefend zeilenweise durch eine ICCD-Kamera

63, 65, 66, 67, 68

ausgelesen  werden. Durch diesen Aufbau der Echelle-Spektrometer koénnen

Wellenldangenbereiche von 200 bis 1000 nm mit einer hohen Aufldsung untersucht werden.

Mobile, genauer tragbare LIBS-Instrumente erfordern eine Miniaturisierung der Komponenten eines
LIBS-Systems. Dies gelang erstmals in den 1990er Jahren, als die ersten tragbaren LIBS-Gerite fiir die
Detektion von Metallkontaminationen auf Oberflaichen zum Einsatz kamen. Der entscheidende Vorteil
von sogenannten Handheld-LIB-Spektrometern gegeniiber stationdren LIBS-Systemen ist, dass das
Messinstrument zur Probe kommt. Dadurch kann die Probennahme, ein kritischer Schritt in der
Analytik, entfallen.” Zudem kann durch den Einsatz eines Handheld-LIB-Spektrometers ein zu
untersuchendes Areal ziigig zweidimensional kartiert werden. In Verbindung mit einer Probenahme
aus dem darunterliegenden Gestein, wie Dbeispielsweise durch Bohrungen, konnen
Elementverteilungen auch in der Tiefe analysiert werden, sodass sich dreidimensionale

Elementprofile erstellen lassen. Ein typisches Handheld-LIBS-Gerit weist einen spektralen Bereich
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von einigen hundert Nanometern mit einer Auflosung zwischen 0,1 und 0,3 nm auf. Es sind
iiblicherweise Laser der Klasse 3B mit einer Wellenldnge von 1064 nm, sogenannte Nd:YAG-Laser,
verbaut. Im Schnitt wiegt ein Handheld-LIB-Spektrometer etwa 2 kg.*"**”

2.5 Chemometrie

Bei der Analyse von Probenmaterial mit der LIB-Spektroskopie werden komplexe Spektren erhalten,
die zahlreiche Informationen iiber das untersuchte Probenmaterial beinhalten. Um bei der Analyse
der chemischen Daten alle relevanten Informationen zu gewinnen, werden in der Chemometrie
mathematische und statistische Methoden eingesetzt. Dabei kommen univariate Methoden bei
Datensdtzen zum Einsatz, deren Objekte lediglich ein Merkmal aufweisen. Beispielsweise kann einer
Stoffkonzentration einer untersuchten Substanz (Objekt) genau eine Peakintensitit (Merkmal)
zugeordnet werden. Sind einem Objekt zwei oder mehrere Merkmale zugehorig, erfolgt die
Datenanalyse mittels bi- oder multivariater Techniken.””*” Im Folgenden werden die in dieser Arbeit

genutzten uni- und multivariaten Analysemethoden kurz vorgestellt.

251  Univariate Analyse

Die univariate Analyse (UVA) beschreibt den Zusammenhang zwischen einem Merkmal und den
Objekten des Datensatzes. Das Merkmal wird als abhdngige Variable oder auch response Variable
(Antwortvariable) bezeichnet. Das Objekt hingegen ist die unabhdngige oder predictor Variable
(Vorhersagevariable). Ein Teil der UVA ist die Regressionsanalyse, die die Beziehung zwischen der
abhdngigen und unabhangigen Variable beschreibt sowie eine Abschdtzung des Wertes der
abhédngigen Variable aufgrund der unabhdngigen Variable erlaubt. Fiir die Beschreibung der
Beziehung der Variablen entwickelt die UVA ein Regressionsmodell. Im einfachsten Fall kann die
Korrelation der Variablen mit einem univariaten linearen Regressionsmodell erkldrt werden. Durch
eine Regressionsgerade der Form y=mx+n wird hierbei die lineare Beziehung der Variablen
widergespiegelt, wobei n der Schnittpunkt mit der y-Achse und m der Anstieg der Geraden ist. Die
Regressionsgeraden erlaubt die Vorhersage des Wertes der abhéngigen Variable y anhand des Wertes
des unabhangigen Variable x. Wie gut das Regressionsmodell die Korrelation beschreibt, kann mit

Hilfe des Bestimmungskoeffizienten R? (Gleichung 4) ermittelt werden.
R'=1-5—— (4)

Hier sind y; die abhéngigen Variablen, ]?i sind die berechneten y-Werte, y,» ist der Mittelwert von y;
und 7 ist die Probenanzahl. Der Bestimmungskoeffizient gibt den durch die unabhéngigen Variablen x
erklarten Anteil der Variation der Antwortvariablen y an. Die Variabilitdt wird hierbei umso genauer
durch das lineare Regressionmodell beschrieben, je groier R? ist. Die Werte des BestimmtheitsmafSes

liegen typischerweise zwischen 0 < R2 < 1.>7+7>7

Um die Anpassungsgiite des Regressionsmodells vollstandig zu beschreiben, wird neben dem
Bestimmungskoeffizienten R? die Wurzel der mittleren Fehlerquadratsumme (RMSE, von engl.: root
mean square error) (Gleichung5) angegeben, wobei Vi—Y; die Differenz zwischen den

vorhergesagten abhéngigen Variablen und den abhingigen Variablen ist.”
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Z(?i_%)z (5)

2.5.2  Hauptkomponentenanalyse, eine multivariate Analysemethode

Die Auswertung von Datensitzen, insbesondere komplexer und grofier Datenmengen, die
beispielsweise durch den Einsatz von Spektrometern generiert werden, ist mit univariaten
Analysemethoden haufig nicht zu bewaltigen. Hierfiir werden multivariate Analysetechniken
eingesetzt. Eines der gangigsten statistischen Verfahren zur Analyse komplexer Datensatze ist die
Hauptkomponentenanalyse (PCA, von engl.: principal component analysis). Sie wird hauptsachlich
zur Reduktion der Datendimensionalitit und zum grafischen Erkennen von Mustern,
Gemeinsamkeiten und Unterschieden in Datensdtzen genutzt. 1901 von Karl Pearson entwickelt,
kommt die PCA heute in zahlreichen Anwendungen in Industrie und Forschung zum Einsatz. Sie ist
Teil der explorativen Datenanalyse und dient der Extraktion von Informationen und dem Entfernen
von Rauschen aus den experimentell gewonnen Daten. Die Methoden der explorativen Datenanalyse
koénnen in zwei Kategorien eingeteilt werden. Eine Gruppe umfasst die sogenannten uniiberwachten
(unsupervised) Methoden. Fiir die Entwicklung der multivariaten Modelle, die diesen Methoden
zugrundeliegen, werden Daten ohne Kennzeichnung genutzt. Das Modell hat keine Informationen,
wie zum Beispiel Klassenzuordnungen, zu den Daten. Solche Methoden finden beispielsweise bei der
Analyse unklassifizierter Daten Anwendung. Im Gegensatz dazu stehen der Gruppe der {iberwachten
(supervised) Methoden Kennzeichungen der Daten zur Verfiigung, die in die Entwicklung des
Modells einfliefen. Die Hauptkomponentenanalyse ist eine uniiberwachte Methode der explorativen
Datenanalyse. Die PCA wird vorrangig mit den Zielen der Datenvereinfachung und -reduktion,

Ausreiflerermittlung, Variablenselektion sowie Klassifikation angewendet.” 7 *" % %

Die Hauptkomponentenanalyse wird vor allem im mehrdimensionalen Raum durchgefiihrt. Das
Prinzip der PCA kann vereinfacht am Beispiel eines zweidimensionalen Raums gezeigt werden
(Abbildung 4). Ein experimentell erhaltener Datensatz X von N Proben mit M Variablen kann durch
Aufspannen eines zweidimensionalen Raumes zwischen zwei Achsen dargestellt werden (Abbildung
4, links). Geometrisch betrachtet wird eine Linie durch das Zentrum dieses Datenraumes gelegt. Diese
Linie lauft entlang der Dimension mit der grofiten Varianz im Datenraum. Sie wird als erste
Hauptkomponente PC1 (PC, von engl.: principal component) bezeichnet. Eine zweite Linie
durchkreuzt den Datenraum entlang der Dimension mit der zweitgrofiten Varianz. Die sogenannte
zweite Hauptkomponente PC2 wird in einem neuen Koordinatensystem, das durch die
Hauptkomponenten PC1 und PC2 aufgespannt wird, orthogonal zur ersten Hauptkomponente
projiziert. Dieses neue Koordinatensystem wird als Score-Plot bezeichnet und visualisiert die
Korrelation zwischen den Variablen und den Proben (Abbildung 4, rechts). Datenpunkte, die sich
raumlich nahe sind, weisen dhnliche Eigenschaften auf. Sie bilden ein sogenanntes Cluster innerhalb
des Score-Plots. Die neuen Dimensionen resultieren aus einer Linearkombination der originalen

Variablen und werden im Loadings-Plot dargestellt.””* **
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Abbildung 4: Schematische Darstellung des Prinzips der Hauptkomponentenanalyse (PCA) im

PC2

(G
N

zweidimensionalen Raum mit den Hauptkomponenten PC1 und PC2 (links) und im
Score-Plot (rechts), nach Gauglitz et al.®

Etwas formaler betrachtet, wird die Originalmatrix der Daten X, bestehend aus Anzahl der Proben N
und Anzahl der Variablen M, in die drei Matrices S, L' und F zerlegt (Abbildung 5). Die NxK
Score-Matrix S wird mit der KxM Loadings-Matrix L' multipliziert. Addiert wird die NxM
Fehlermatrix F. Dabei ist K die Anzahl der Hauptkomponenten.

M K M M
X =8 -L"+F
N N K N
Abbildung 5: Originalmatrix X der Hauptkomponentenanalyse mit N Proben und M Variablen zerlegt in

die NxK Score-Matrix S, KxM Loadingsmatrix L" und die NxM Fehlermatrix F, nach Frisvad.®

Die Hauptkomponentenanalyse ist eine relativ einfache multivariate Methode, die es erlaubt
mehrdimensionale Daten direkt in einem niedrigdimensionalen Raum mit nur geringem Verlust der
Originalinformation abzubilden. Dadurch fiihrt sie héufig auch zu einer vereinfachten
Interpretierbarkeit der Daten. Typischerweise kann die Varianz im Datensatz zu einem grofsen Teil
durch wenige Hauptkomponenten erfasst werden. Die Auftragung der Daten im Score-Plot der Scores
PC1 und PC2 enthélt daher bereits zahlreiche Informationen zum untersuchten Datensatz. Die
Hauptkomponenten werden auch genutzt, um Klassifizierungs- und Regressionsprobleme wie

beispielsweise in der PLS-Regression (2.5.3) zu 16sen.”

Robuste Hauptkomponentenanalyse

Ein Ziel der klassischen Hauptkomponentenanalyse ist die Ermittlung von Ausreifiern. Wie oben
beschrieben, spiegelt die erste Hauptkomponente die Dimension mit der grofiten Varianz der Daten
wieder. Die zweite Hauptkomponente, orthogonal zur ersten, entspricht der zweitgréfiten Varianz im
Datenraum. Bei der PCA wird dieses Vorgehen solange fortgefiihrt, bis die Hauptkomponenten mit
den Eigenvektoren der empirischen Kovarianzmatrix iibereinstimmen. Der Bezug zur
Kovarianzmatrix ist fiir die Beobachtung von Ausreifiern mittels der PCA problematisch, da diese
empfindlich auf Ausreifser reagiert. Infolgedessen sind die Varianzen der reguldren Beobachtungen in
den ersten Hauptkomponenten verzerrt. Eine Moglichkeit die PCA dennoch zur Ermittlung von
Ausreifiern einsetzen zu konnen, ist die sogenannte robuste Hauptkomponentenanalyse (ROBPCA,
von engl.: robust principal component analysis). Sie wird in der vorliegenden Arbeit zum Zweck der
Ermittlung von Ausreifiern genutzt. Die ROBPCA wurde 2005 von Hubert et al. vorgestellt. Dabei
werden die Projektionsnachverfolgung (PP, von engl: projection pursuit) und die robuste
Kovarianzschatzung basierend auf der minimalen Kovarianzdeterminante (MCD, von engl.: minimum

covariance determinant) in einem niedrigdimensionalen Raum kombiniert. Die mittels ROBPCA
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ermittelten Datenpunkte, konnen anhand ihres Typs klassifiziert und anschlieSend in einer
sogenannten Ausreifierkarte dargestellt werden (Abbildung 6). Diese Karte wird durch den Abstand
der Scores (SD, von engl.: score distance) auf der x-Achse und den orthogonalen Abstand (OD, von
engl.: orthogonal distance) auf der y-Achse aufgespannt. Die resultierende Karte kann durch die

cutoffs des SD und des OD in 4 Quadranten aufgeteilt werden.

cutoff SD
.

cutoff OD
Moz, 1V

orthogonal distance

score distance
Abbildung 6: Ausreifserkarte der robusten Hauptkomponentenanalyse (ROBPCA). Die Datenpunkte

werden im Diagramm in Abhangigkeit vom orthogonalen Abstand (orthogonal distance) und
dem Score-Abstand (score distance) aufgetragen. Durch die cutoffs SD und OD resultieren

4 Quadranten, in denen die Punkte klassifiziert werden: I bad leverage-Punkte, II orthogonale

AusreifSer, III regulare Beobachtungen und IV good leverage-Punkte, nach Hubert et al®

Jeder der Quadranten enthélt einen Typ der Datenpunkte. Im ersten Quadranten werden die
sogenannten bad leverage-Punkte aufgetragen. Diese haben einen grofien orthogonalen Abstand und
sind weit entfernt von den reguldren Beobachtungen des Datensatzes. Im zweiten Quadranten werden
die orthogonalen Ausreifler gezeigt, die ebenfalls einen grofien orthogonalen Abstand zum
PCA-Raum haben. Der dritte Quadrant représentiert die reguldren Beobachtungen. Sie sind eng
gruppiert und nahe dem PCA-Raum. Im vierten Quadranten finden sich die good leverage-Punkte,
die zwar nahe am Raum der PCA, aber weit entfernt von den reguldren Beobachtungen liegen. Als
Ausreifler des untersuchten Datensatzes werden die orthogonalen Ausreiffer und die bad
leverage-Punkte aus dem Datensatz fiir weitere Analysen eliminiert. Die ROBPCA ist eine schnelle
Methode, die einerseits auf symmetrische und andererseits auf unsymmetrische Daten angewendet

werden kann.® %

2.5.3  PLS Regression, eine multivariate Analysemethode

Die partielle Regression der kleinsten Quadrate (PLSR, von engl.: partial least squares regression) ist
eine Technik der multivariaten Analyse, die die Beziehung zwischen hochkomplexen Daten
untersucht. 1975 von Herman Wold eingefiihrt, hat sich die Methode zu einer, der am haufigsten
genutzten multivariaten Analysetechniken entwickelt. Die PLS-Regression stellt einen
Zusammenhang zwischen den Matrices der unabhdngigen X-Daten (NxM) und den abhangigen
Y-Daten (NxP) durch ein lineares, multivariates Modell her (Abbildung 7). Gleichzeitig werden die
Strukturen der Matrices X und Y neu modelliert. Die Methode konstruiert durch eine
Linearkombination neue Komponenten aus den originalen Variablen M bzw. P. Dazu greift die PLSR
auf die Hauptkomponenten-analyse zuriick. Zundchst wird je eine PCA der X- und Y-Daten
durchgefiihrt, mit dem Ziel die Hauptkomponenten K der beiden Matrices zu bestimmen. Dabei wird
die Dimension des X-Datenraums ermittelt, die im Y-Datenraum die maximale Varianz erklart.
Dadurch wird die Kovarianz der Matrices identifiziert, die mittels der PLSR maximiert werden soll.
Mit den aus der PCA erhaltenen NxK Score-Matrices S und U wird im Anschluss eine lineare

Regression durchgefiihrt. Dabei wird die NxP-Fehlermatrix der Y-Daten G minimiert. Die optimale
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Anzahl an Hauptkomponenten fiir die Regression wird durch eine Kreuzvalidierung (CV, von engl.:
cross-validation) empirisch bestimmt. Durch die Beziehung der Score-Matrices (U=B-S) resultiert
zusatzlich eine Korrelation zwischen den Originalmatrices X und Y. Die Stdarke der PLSR ist es, Daten
mit stark korrelierten, verrauschten und vielen X-Variablen zu analysieren und gleichzeitig mehrere
Y-Variablen zu modellieren. Dabei gewinnen die Modellparameter an Prazision, je groier die Zahl an
relevanten Variablen und Beobachtungen ist. Dadurch ist das PLSR-Modell, insbesondere fiir grofie
Datensdtze, gegeniiber Matrixeffekten und &dufieren Einfliissen robuster als beispielsweise die

univariate Regression.71’ 77,87,88,89

M K M M P K P
X =S LT+ F Y =U - -M+ G

N N K N N N K N

P

S
Abbildung 7: Prinzip der PLSR. Schematisch dargestellt sind die Matrices der unabhédngigen X-Daten und

der abhéngigen Y-Daten. Beide Matrices sind aus einer Score-Matrix S bzw. U,
Loadingsmatrix L" bzw. M" und einer Fehlermatrix F bzw. G aufgebaut. Durch eine lineare
Regression der Score-Matrices S und U resultiert eine neue Matrix B, die den Zusammenhang

beider Matrices widergibt, nach Lohninger.*

Interval partial least squares-Regression

Um die Vorhersagekraft der PLS-Regression zu erhohen, kann statt dem gesamten Datensatz nur der
Teil in das Modell einfliefen, der die wichtigsten Informationen enthdlt. Dadurch wird die
Komplexitat des Datensatzes reduziert, wiahrend die Analyse beschleunigt wird. Eine solche Methode

1.7 entwickelt.

ist die interval partial least squares-Regression (iPLSR). Sie wurde von Nergaard et a
Der zu analysierende Datensatz wird dabei in gleichgrofie Datenbereiche, die Intervalle, geteilt. Durch
eine Variablenselektion werden die Datenbereiche mit den wichtigsten Informationen herausgefiltert
und spektrale Interferenzen aus anderen Bereichen entfernt. An den ausgewéhlten Teilbereichen wird
die PLSR durchgefiihrt. Die Breite der Intervalle innerhalb eines Datensatzes ist gleich. Die
Intervallbreite verschiedener Datensitze kann variieren. Im Fall von sehr breiten Bereichen liegt eine
normale PLSR vor. Fiir sehr schmale Bereiche kann die PLSR auch als eine automatisierte univariate
Regression betrachtet werden. Die /PLSR ist eine attraktive Methode, insbesondere fiir die Analyse
spektraler Daten, da sie einen Uberblick iiber analytisch interessante Spektralbereiche bietet und

90, 91

neben der Vorhersagekraft auch die Interpretierbarkeit der PLSR verbessert.

Die hier vorgestellten chemometrischen Methoden wurden mit Hilfe der Computerprogramme
MATLAB®” und OriginLab (OriginPro®)” auf die experimentell erhobenen LIBS-Daten angewendet.
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3. Publikationen

3.1 Darstellung des eigenen Anteils an den einzelnen Publikationen

In diesem Kapitel werden die vier dieser kumulativen Dissertation zugrunde liegenden Publikationen
kurz vorgestellt und der Eigenanteil an den Manuskripten 1 bis 4 dargestellt. Die publizierten
Manuskripte sind in den Kapiteln 3.2, 3.3, 3.4 und 3.5 zu finden. Die zusétzlichen Informationen zu
den Publikationen finden sich im Anhang in den Abschnitten S1.1 und 51.2.

Manuskript 1
D. Riebe, A.Erler, P.Brinkmann, T.Beitz, H.-G. Léhmannsroben, R. Gebbers, ,Comparison of

Calibration Approaches in Laser-Induced Breakdown Spectroscopy for Proximal Soil Sensing in
Precision Agriculture”, Sensors 19 (23), 5244 (2019).

Inhalt dieser Publikation ist der Vergleich unterschiedlicher Kalibrierungsansatze und die Evaluierung
verschiedener Quantifizierungsmethoden. Dies erfolgte anhand von Spektren, die mittels
laserinduzierter Breakdownspektroskopie an Agrarboden aufgenommen wurden. Ich habe
experimentelle Untersuchungen durchgefithrt und die Hauptkomponentenanalyse sowie die
entsprechende Grafik erstellt. Die Auswertung der Messungen, die multivariate Datenanalyse und die
Anfertigung des Manuskripts erfolgten durch Daniel Riebe und die Koautoren. Kapitel 3.2 beinhaltet
das publizierte Manuskript.

Manuskript 2
N. Rethfeldt, P.Brinkmann, D. Riebe, T.Beitz, N.Kollner, U. Altenberger, H.-G. Lohmannsroben,

"Detection of Rare Earth Elements in Minerals and Soils by Laser-Induced Breakdown Spectroscopy
(LIBS) Using Interval PLS", Minerals 11 (12), 1379 (2021).

Ziel dieser Publikation war die Detektion von Elementen der Seltenen Erden in Mineralen mit Hilfe
der laserinduzierten Breakdownspektroskopie. Die Publikation basiert auf der Bachelorarbeit von
Nina Rethfeldt. Die gemahlenen Feldproben wurden von apl. Prof. Dr. Uwe Altenberger zur
Verfligung gestellt. Die pulverformigen synthetischen Proben wurden durch Nina Rethfeldt
hergestellt. In beiden Féllen wurden die Pulverproben homogenisiert und anschliefend zu
Presslingen geformt. Die Presslinge wurden an einem stationdren LIB-Spektrometer vermessen. Die
Auswertung mittels univariater und /PLS-Regression erfolgte mit Hilfe der Software Matlab. Anhand
der durchgefiihrten Experimente und der erhaltenen Ergebnisse hat die Bachelorstudentin ihre
Bachelorarbeit geschrieben. Basierend auf dieser Arbeit habe ich in Zusammenarbeit mit den
Koautoren das Manuskript verfasst. Im Rahmen dessen habe ich die Hauptkomponentenanalyse
durchgefiihrt und ausgewertet, sowie Abbildungen mit Hilfe des Programms OriginLab erstellt. Die

Publikation ist in Kapitel 3.3 gezeigt. Kapitel S1.1 beinhaltet das ergénzende Material der Publikation.

Manuskript 3
P. Brinkmann, N. Kollner, S. Merk, T. Beitz, U. Altenberger, H.-G. Lohmannsroben, ,Comparison of
handheld and Echelle spectrometer to assess copper in ores by means of Laser-Induced Breakdown
Spectroscopy (LIBS)”, eingereicht bei Minerals (2022).
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In dieser Publikation wurden kupferhaltige Gesteinsproben mittels laserinduzierter
Breakdownspektroskopie und multivariater Datenanalyse untersucht, um den Kupfergehalt zu
ermitteln. Die genutzten kupferhaltigen Erzproben wurden zum einen durch Dr. Friederike Korting
und zum anderen durch den Projektpartner LTB Lasertechnik Berlin GmbH zur Verfiigung gestellt.
Die Proben der Begleitgesteine wurden von apl. Prof. Dr. Uwe Altenberger bereitgestellt. Die
gemahlenen Pulverproben habe ich homogenisiert und zu Presslingen geformt. Die hergestellten
Presslinge wurden durch mich einerseits mit dem Handheld-LIB-Spektrometer und andererseits mit
dem stationédren LIB-Spektrometer vermessen. Die anschlieflende Auswertung der Spektren und die
Erzeugung von auswertbaren Daten aus den Rohdaten realisierte ich mit Hilfe der Software Matlab
und OriginLab. Die multivariate Datenanalyse mittels univariater und multivariater Regression sowie
der Hauptkomponentenanalyse habe ich mit dem Programm Matlab durchgefiihrt. Die Abbildungen
habe ich mit der Software OriginLab erstellt. Die erhaltenen Ergebnisse wurden durch mich diskutiert.
Das Manuskript ist in Abstimmung mit den Koautoren von mir verfasst. Das eingereichte Manuskript

ist in Kapitel 3.4 zu finden.

Manuskript 4

M. W¢jcik, P. Brinkmann, R. Zdunek, D. Riebe, T. Beitz, S. Merk, K. Cieslik, D. Mory, A. Antonczak,
"Classification of Copper Minerals by Handheld Laser-Induced Breakdown Spectroscopy and
Nonnegative Tensor Factorisation", Sensors 20 (18), 5152 (2020).

Diese Publikation beinhaltet die Klassifikation von Kupfermineralen durch laserinduzierte
Breakdownspektroskopie und multivariate Datenanalyse. Die der Klassifizierung zugrunde liegenden
Kupferminerale habe ich zusammengetragen und deren Charakteristika, wie Name und Formel des
Minerals, Herkunft und Mineralklasse katalogisiert. Die Messung der Kupferminerale an mehreren
Messpunkten pro Mineral habe ich mit Hilfe des Handheld-LIB-Spektrometers durchgefiihrt. Die
Minerale habe ich fotografisch erfasst und die unterschiedlichen Messpunkte auf den Mineralen
anhand der fotografischen Aufnahmen dokumentiert. Die Auswertung der Messergebnisse, die
Durchfithrung der multivariaten Datenanalyse und die Erstellung des Manuskripts erfolgte durch
Michat Wéjcik und die Koautoren. In Kapitel 3.5 ist das publizierte Manuskript, in Kapitel S1.2 das

ergdnzende Material gezeigt.
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3.2 Vergleich von Kalibrierungsansatzen in der laserinduzierten Breakdownspektroskopie fiir die
proximale Bodenerfassung in der Prazisionslandwirtschaft (Manuskript 1)

»Comparision of Calibration Approaches in Laser-Induced Breakdown Spectroscopy for Proximal Soil

Sensing in Precision Agriculture”
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Abstract: The lack of soil data, which are relevant, reliable, affordable, immediately available, and
sufficiently detailed, is still a significant challenge in precision agriculture. A promising technology
for the spatial assessment of the distribution of chemical elements within fields, without sample
preparation is laser-induced breakdown spectroscopy (LIBS). Its advantages are contrasted by a
strong matrix dependence of the LIBS signal which necessitates careful data evaluation. In this work,
different calibration approaches for soil LIBS data are presented. The data were obtained from 139
soil samples collected on two neighboring agricultural fields in a quaternary landscape of northeast
Germany with very variable soils. Reference analysis was carried out by inductively coupled plasma
optical emission spectroscopy after wet digestion. The major nutrients Ca and Mg and the minor
nutrient Fe were investigated. Three calibration strategies were compared. The first method was
based on univariate calibration by standard addition using just one soil sample and applying the
derived calibration model to the LIBS data of both fields. The second univariate model derived the
calibration from the reference analytics of all samples from one field. The prediction is validated by
LIBS data of the second field. The third method is a multivariate calibration approach based on partial
least squares regression (PLSR). The LIBS spectra of the first field are used for training. Validation
was carried out by 20-fold cross-validation using the LIBS data of the first field and independently on
the second field data. The second univariate method yielded better calibration and prediction results
compared to the first method, since matrix effects were better accounted for. PLSR did not strongly
improve the prediction in comparison to the second univariate method.

Keywords: laser-induced breakdown spectroscopy; LIBS; proximal soil sensing; soil nutrients;
elemental composition

1. Introduction

Precision agriculture (PA) requires reliable, affordable, immediately available soil data with
sufficient spatial and temporal resolution [1]. Soil maps for PA are typically derived from soil sampling
with subsequent laboratory analysis or from mapping with automated mobile proximal soil sensors.
Soil sampling and laboratory analysis is time consuming and becomes prohibitively expensive if
conducted on a fine grid [2]. As an alternative, mobile proximal soil sensors can measure several
hundred points (different locations) per hectare [3-7]. However, most of the current soil sensors

Sensors 2019, 19, 5244; doi:10.3390/s19235244 www.mdpi.com/journal/sensors
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neither cover the whole range of soil fertility parameters nor do they directly measure them. The
automated mobile proximal soil sensing systems frequently used in practical PA as well as research
include geoelectrical, potentiometric pH, gamma-ray and spectral-optical sensors. Among these,
pH electrodes most directly access a soil fertility parameter, namely active acidity [8]. Gamma-ray
sensors detect radiation from K decay and from other isotopes. This can be correlated with K in
clay minerals and with plant available K* [9,10]. Spectral-optical sensors include spectrometers
and multi-wavelength sensors in the visible and near-infrared region. Correlations with several soil
fertility parameters were observed, particularly with organic matter [11]. In research, visible and
near-infrared spectrometers were used to map several fertility parameters at the same time [12,13].
For practical applications, cheaper and more robust dual or multi-wavelength sensors for organic
matter and soil moisture were commercialized (e.g., by Veris Technologies and Precision Planting).
However, the relationships between optical soil properties and soil fertility parameters are variable
due to large overlaps of absorption bands. Thus, optical online sensors require careful calibration for
each field [11,14]. Geoelectric sensors traditionally formed the backbone of PA soil analysis efforts and
they are still widely used due to their robust nature making them both dependable and suitable for
field applications [15-17]. However, apparent soil electrical conductivity (ECa) is affected by many soil
parameters, including water content, texture, salinity, bulk density and temperature [18]. Therefore,
reference sampling in each field is required [19]. In a comparative study, Piiki et al. [20] recently
addressed the issue of obtaining as much direct information with as little calibration as possible. In that
study, X-ray fluorescence (XRF) spectroscopy produced the most reliable predictions of soil parameters
due to its direct detection of elemental compositions. XRF has gained interest in recent years due to
the availability of handheld sensors [21-23]. The drawbacks of XRF include the harmful X-rays, long
measurement times and the restriction to heavier elements.

Laser-induced breakdown spectroscopy (LIBS) is a promising alternative to XRF for determining
element mass fractions in soils. In this method, an intense pulse of laser radiation is focused onto the soil,
where it ablates material from the surface and creates a microplasma. Subsequently, excited atoms and
ions in the plasma emit specific radiation which can be analyzed to elucidate the elemental composition
of the sample [24-28]. Ablation and plasma excitation are both highly complex phenomena. Since the
interaction of the laser radiation with the sample surface is influenced by its composition and structure,
a matrix-dependence of the signal response is observed. Matrix effects result from the light-to-sample
coupling, collisional interactions within the plasma, and plasma temperature, among others, all of
which influence the ratio of neutral and ionized species and self-absorption. These matrix effects and
spectral interferences were already investigated in different types of soil [29,30]. In LIBS soil analyses,
the whole spectrum of elements can be accessible. Depending on the calibration effort, elements can
be determined qualitatively or quantitatively. This allows the direct analysis of macro and micro
nutrients since no or only minimal sample preparation is necessary. In order to achieve the power
density required for plasma generation, the laser light pulse, of typically nanosecond duration, is
usually focused to a spot of about 10-500 pm diameter. As a consequence, the soil micro-heterogeneity
has to be considered in order to obtain representative results. This can be achieved by averaging
multiple spectra.

Additional advantages of LIBS include the measurement speed, safety, as well as the portability of
the technique. These attributes make the method particularly interesting for on-site soil mapping. While
large-scale soil mapping applications of LIBS have not been reported yet and early LIBS investigations
of soils were focused on pollutants [31], the detection of nutrients in soils was already demonstrated in
some publications. Diaz et al. [32] were able to determine detection limits of P, Fe, Mg, Ca and Na by
univariate calibration in fertilizer/soil mixtures. Yongcheng et al. [33] could improve the prediction
of the Mg mass fraction by using a multivariate regression model that incorporates the lines of other
metals present in the soil. Nicolodelli et al. [34] investigated the feasibility of measuring C in soils
with a low resolution spectrometer. Rithmann et al. [35] compare univariate and multivariate data
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evaluation approaches for the quantification of the nutrient Ca in reference soils. A review of recent
work on the application of LIBS for investigating agricultural materials can be found in [36].

In this work, LIBS spectra of soils were measured in the laboratory as a fundamental study and
to provide a basis for the future application of LIBS directly on agricultural fields. The aim of the
study was the evaluation of different quantification approaches for LIBS data which consider the
matrix effect. Another goal was to explore how a calibration obtained for one field can be transferred
to another one. The accuracy of standard-free LIBS approaches [31,37] for the analysis of the very
complex matrix soil is still unsatisfactory. Therefore, the focus of this work was to compare different
univariate or multivariate calibration methods for the determination of nutrient mass fractions. The
target parameters of the investigation were the major nutrients Ca and Mg as well as the minor nutrient
Fe. One aim of this work was to examine whether the quantification of nutrients on the size scale of a
field can be carried out by univariate calibration or whether a multivariate method, namely partial least
squares regression (PLSR) has to be applied. Different calibration strategies, such as the generation of
calibration standards by standard addition to a single reference soil sample and the use of multiple
reference soil samples, were compared. The heterogeneity of the soil samples was characterized by
principal component analysis (PCA). The plasma was generated using UV radiation (355 nm), which
was recommended for soil investigations [30] in contrast to the widely applied NIR radiation (1064 nm).

2. Materials and Methods

Soil samples and reference analysis. A total of 139 samples from two agricultural fields near the
village of Wilmersdorf in Northeast Germany (53°06” N, 13°54" E) were investigated. The regional
soilscape was formed by the last glaciation about 10,000 years ago and the following postglacial
processes. The parent material of the soil consists of calcareous glacial till covered by sandy deposits.
Soil texture varies between sand, loamy sand, and sandy loam in the topsoil. The main soil types
are alfisols. The samples were collected in 2011 to obtain reference data for proximal soil sensing as
published by Schirrmann, Gebbers and Kramer [14]. Reference analysis for elements was carried out
by inductively coupled plasma optical emission spectroscopy (ICP-OES) after aqua regia extraction by
a certified laboratory. As target parameters, Ca and Mg were selected as examples for major nutrients
and Fe as an example for minor nutrients.

ECa mapping: ECa [mS/m] was mapped with a Veris 3100 system (Veris Technologies, Salina, KS,
USA) in 2011. Only data from the shallow measurement were used. Data were interpolated by block
kriging (a) on a regular grid for visualization and (b) on the sampling locations for correlation analysis.

LIBS setup and measurement parameters. The plasma was created using a Nd:YAG laser
(Quanta-Ray, Spectra-Physics, Santa Clara, CA, USA, A = 355 nm, E = 90 m]). Emissions were collected
by a concave mirror, coupled into an optical fiber and guided to an echelle spectrometer (Aryelle
Butterfly, LTB, Berlin, Germany) equipped with an ICCD camera (iStar, AndorTechnology, Belfast, UK).
The spectrometer has two separate wavelength ranges (UV range: 190-330 nm, VIS range: 275-750 nm)
and a resolution of 20-30 pm. A total of 200 single shot spectra were recorded per sample in the UV as
well as in the VIS range. The sample holder was rotated and linearly translated during measurements
forming a spiral-like trace of ablation events. Optimization of LIBS spectra led to the following
measurement parameters: a detection delay of 2 pus, a measurement window of 10 us as well as a
constant amplification factor of the iCCD camera.

Sample treatment for LIBS. The soil samples were mixed with starch (19 wt% final mass fraction),
ground in an agate ball mill and subsequently pressed into pellets. One pellet was created for each
field sample point. For standard addition, the sample point of the first field with the lowest intensity
of the respective element peak was chosen for each investigated element. To that end, the soils were
mixed with the respective amounts of target elements added as salts (CaCO3, MgCl, and FeS, the
amount of starch was reduced in order to keep soil fraction constant) and also formed into pellets. The
salts were obtained from Sigma Aldrich (St. Louis, MO, USA).
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Data pretreatment. Pretreatment of the LIBS spectra consisted of outlier (e.g., spectra where
the laser did not fire) removal using the following procedure. The total intensity of each spectrum
for a given sample was calculated. The median of these values was derived and only the spectra in
the range 0.75 X median < total intensity < 1.25 X median were averaged to yield a single spectrum

for each soil sample. For PLSR calibration (third method, see below) spectra were mean centered.

Logarithms of the known element mass fractions were used as y variables when the data distribution
was strongly skewed. For univariate calibration, the peaks of investigated elements were integrated
for each averaged spectrum individually. For multivariate analysis, the entire spectra of either the UV
or the VIS region were used.

Calibration. Standard addition univariate calibration. The first calibration method was based on
standard addition using just one soil sample and applying the derived univariate calibration model to

the LIBS data of both fields. Using the standard addition method potentially has several advantages.

First, the technique can be used to determine the mass fraction of one or several nutrients in one soil
sample by extrapolating the mass fraction of the base sample from the samples with added known
quantities of an element. Second, as applied in this work, reference analysis of the pure soil sample by
the traditional digestion method and in combination with samples where increasing amounts of the
nutrients were added can provide LIBS calibration curves. One additional benefit is that standard
addition yields response curves where the matrix effect of the local soil type is accounted for. The
nutrients are advantageously added as salts. However, care must be taken that the salts are not
hygroscopic. The third advantage is that the large range of nutrient mass fractions covered for the
determination of calibration curves facilitates assigning lines to elements and finding the best lines to
use for the quantification of each element. Potentially, different lines could be chosen for different mass
fraction ranges. The most intense lines might be useful at low element mass fractions, while at high
element mass fractions, these intense lines can be self-absorbed. Therefore, choosing weaker lines can
become beneficial.

Reference univariate calibration. The second method derived a univariate calibration model from

the reference analytics of all samples from one field. The prediction is validated using the second field.

This approach accounts for the matrix effects even better, as the variation of the matrix across a field is
also reflected. Furthermore, the error in the laboratory-based reference analytics of one soil sample has
a large influence on the LIBS-based results. Therefore, a larger data pool with known reference values
and a broader variety of matrices should be regarded. In our case, the data of the first field is used for
the calibration and the data of the second field is used for the validation. The concept of this procedure
is that reference data gained in one year could be used to build a calibration for a specific field. In
subsequent years, it will not be necessary to take new samples and the calibration can therefore also be
applied to fields in the near surrounding and to fields with a similar soil type. Furthermore, a much
larger number of data points can be evaluated, as LIBS can be employed directly on the field, allowing
a closer spatial mapping of the fields.

Reference multivariate calibration. The third approach was a multivariate calibration based on PLSR.

PLSR was done using the kernel algorithm and a maximum of 7 components. The LIBS spectra of the
first field were used for training. Validation was carried out by 20-fold cross-validation using the data
of the first field and independently by testing the model trained on the data of the first field with the
data of the second field.

Software: Origin (OriginLab, Northampton, MA, USA) was used for PCA. Unscrambler X (Camo
Analytics, Oslo, Norway) was used to perform PLSR.
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3. Results and Discussion

3.1. LIBS Spectra

LIBS spectra of soils are rich in lines, mostly due to the presence of Fe and other transition metals
(Figure 1). Additionally, lines of most minor and major mineral nutrients are found, the lines of metal
nutrients are particularly intense.
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Figure 1. Typical soil laser-induced breakdown spectroscopy (LIBS) spectrum (composite of UV and VIS
part of the LIBS spectrum), (a) full wavelength range, (b) detail view of wavelength range 400450 nm.

But the plethora of lines complicates their assignment to elements, as peak overlapping is
frequently observed. The line identification is not straightforward as the total elemental composition
of soils is generally not known. Otherwise, the limitation of the measurement campaign on one or
two fields is advantageous for peak assignment as the soil heterogeneity is not as great as on a larger
scale. Most peaks are generally found in spectra of all samples (different points on the field) but their
intensities still differ substantially on the scale of one field. This observation is due to variations of the
element mass fractions across the field, which is also the origin of the strong matrix effects encountered
and necessitates the determination of element distributions in precision agriculture.

3.2. Standard Addition Calibration

Ca mass fractions vary greatly (from 500 ppmyy to 5 wt%) in the investigated soils. A corresponding
calibration curve has to reflect a mass fraction range of nearly three orders of magnitude and is best
presented in a double-logarithmic diagram. The fitting function I = a w, where I is line intensity, w the
mass fraction and a and c are the optimized constants, essentially equivalent to taking the logarithm
of the data prior to linear fitting, was used. The calibration curves for three different Ca lines (at
443.496 nm, 445.478 nm, 616.217 nm) are shown in Figure 2. These lines provided best results in
terms of repeatability (precision), linearity (R? > 0.993) and usability over the entire range of relevant
mass fractions.

The Fe mass fraction in the investigated soil (from 0.5 wt% to 6 wt%) is on a higher mass fraction
level but covers a narrower range than the Ca mass fraction. Thus, a linear calibration plot was selected
(Figure 3a). The LIBS spectrum contains a very high number of Fe lines. Due to the high mass fraction,
many of them show strong effects of self-absorption. This requires a careful selection of lines. The lines
at 406.359 nm and 438.354 nm (see Figure 3a) are best suited for calibration and yield R? > 0.988 for
A = 406.359 nm and R? > 0.992 for A = 438.354 nm. The repeatability is not as good as for Ca as the
error bars show, but quantification is still possible.
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Figure 2. Calibration curves of different Ca lines in soil, integrated line intensity over calculated Ca
mass fraction: R? (443.496 nm) = 0.994, R? (445.478 nm) = 0.996, R? (616.217 nm) = 0.993 (individual
wavelengths are offset for visibility).
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Figure 3. Response curve of (a) FeS and (b) MgCl, in soil, integrated line intensity over calculated
(a) Fe and (b) Mg mass fractions, (a) R? (406.359 nm) = 0.988, R? (438.354 nm) = 0.992, (b) R?
(277.983 nm) = 0.989.

Mg appears in the soils at low to intermediate mass fractions (from 700 ppm,, to 4000 ppm;)
and covers a narrow mass fraction range. Therefore, a linear calibration curve was selected as well.
Useful Mg lines are only found in the UV region. The repeatability is worse at higher mass fractions as
evidenced by higher error bars. The line at 277.983 nm shown in Figure 3b yields the best result in
terms of linearity over a range of mass fractions (R? = 0.989).

For all chosen elements, lines could be found in the available spectral range that are free from
overlap, less prone to self-absorption effects and provide good dynamic ranges. The detection limits
usually are in the range of 100 ppm which is adequate for the soils in question. Lower detection limits
would only be needed for micronutrients.

3.3. Application of Standard Addition Calibration to the First Field

In order to obtain the mass fraction distribution of the nutrients on a field, the standard addition
calibration was applied to LIBS spectra of all samples (points on the field) for predicting the element
mass fractions. A comparison of the values thus obtained from the LIBS measurements and the
reference values obtained by ICP-OES yields insights into the performance of the calibration method.
This is shown for the nutrient Ca in Figure 4a, where the Ca mass fractions measured by LIBS are
the averages of the results for the three lines in the LIBS spectrum. The line in Figure 4a presents the
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identity of values obtained by LIBS and ICP-OES. The Ca mass fractions obtained by LIBS scatter
around this line and show a very good agreement over the range of mass fractions investigated. Thus,
a univariate calibration, built using only one reference sample, can be used for predicting the Ca mass
fraction for the entire field. Absolute deviations for the different sample points on the field are shown
in Figure 4b with the highest errors in the range of 1%. The deviations seem accumulated around
certain points of the field as sample numbers indicate proximity. Because samples were taken along
predefined lines across the field, this could be an indication of different soil types and thus matrix
effects at those positions.

3 . 51
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Figure 4. (a) Mass fraction of Ca predicted by LIBS univariate calibration based on standard addition
(wca,11Bs) compared to reference values obtained by ICP-OES upon aqua regia extraction (wc, ref) for
the first field, R? = 0.91, (b) deviation of predicted from reference value sorted by sample number.

Results were not as promising for Fe (Figure 5a). Although a rough agreement is present in values
around 1 wt%, lower and especially higher Fe mass fractions are overestimated by as much as twice
the reference value. Reasons could be the relatively narrow range of mass fractions and especially the
high overall Fe mass fractions, leading to e.g., self-absorption. The results of the Mg prediction are
shown in Figure 5b. Agreement of the results is much better, although in the low mass fraction region,
a larger spread of the data points is observed. Overall, this kind of calibration is satisfactory for the
major nutrients Ca and Mg but the predictive power is limited for the minor nutrient Fe.
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Figure 5. Mass fractions of (a) Fe and (b) Mg predicted by LIBS univariate calibration based on
standard addition compared to reference values obtained by ICP-OES upon aqua regia extraction for
the first field.
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3.4. Application of Standard Addition Calibration to Second Field

As a further validation, the same calibration curves were also applied to the second field data,
which does not contain the soil sample used for obtaining the standard addition calibration. Therefore,
the results of this second field are a measure of the predictive power for local agriculturally-used areas
in the surrounding of the calibration field. It is likely that the soil types on these fields will have a
similar characteristic.

The prediction results of the three elements for both fields are similar (Figures 6 and 7). The
best agreements are again achieved for Ca and Mg, especially the correlation for Ca is excellent. The
prediction for Ca seems to be robust and can be also used for different fields of similar soil types. The
deviation of the Mg prediction (Figure 7) is a bit stronger than for the first field. While it could still be
usable in practice to get a rough estimation of the Mg mass fraction, a better method is desirable. The
agreement of the values of the second field in the Fe plot (Figure 6b) is actually better than for the first
field from which the soil for the calibration was taken, although the range of mass fractions is larger.
However, the deviation is still present, and the calibration can only be used as a rough estimation.
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Figure 6. Mass fraction of (a) Ca and (b) Fe predicted by LIBS univariate calibration based on standard
addition compared to reference values obtained by ICP-OES upon aqua regia extraction for the second
field, R? (Ca) = 0.60.
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Figure 7. Mass fraction of Mg predicted by LIBS univariate calibration based on standard addition
compared to reference values obtained by ICP-OES upon aqua regia extraction for the second field.

Although the calibration method established from one sample works fine for the element Ca, even
on different fields, the applicability to other nutrients is limited. The most important reason for this
finding is the matrix effect, which is not sufficiently taken into account by this method. On a future
field campaign, the discussed peaks in the LIBS spectra can, however, be used to find points of extreme
element mass fractions, which are then crucial sampling points from which a better calibration can
be built.
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3.5. Reference Univariate Calibration

The results of the reference univariate calibration using all samples from the first field and its
application to the second field are shown below. The calibration data of the LIBS response for three
different wavelengths as a function of the Ca mass fraction obtained by the reference analysis are
shown in Figure 8a. For all wavelengths, a good regression (e.g., R? (445.478 nm) = 0.94) between data
of the LIBS and reference analytical method is obtained, the coefficients of determination for the lines
at 443.496 nm and 445.478 nm are better than those for the line at 616.217 nm. The calibration curves
are applied to the LIBS data of the second field (Figure 8b), the Ca mass reported as measured by LIBS
are the averages of the results for the three lines. This procedure results in predicted values that are in
very good agreement with the reference data (R = 0.93).

50
20

F 10
5 53 g_
. L a
5 5 5 5
® 2 ? Z
= 2
= @
14 ) 52
p By
0.5 14
Ca 1445478 nm
ol + Cal616.217 nm 05
0.2 s = Cal443.496 nm
05 1 2 5 10 20 50 05 1 2 5 10 20 50
Wy /10° ppm,, Wea et/ 10° PP,
(@ (b)

Figure 8. (a) Univariate calibration of Ca mass fraction calculated for data of the first field, R2
(443.496 nm) = 0.93, R? (445.478 nm) = 0.94, R? (616.217 nm) = 0.86 (individual wavelengths are offset
for visibility), (b) Calibration applied to the second field, R? = 0.93.

The same procedure was applied to Fe (Figure 9). The calibration plots (Figure 9a) took two
signals at the wavelengths at 406.359 nm and 438.354 nm into account but yielded a poorer prediction
than that found for Ca. However, the larger amount of data used for the calibration compared to the
standard addition method results in a better prediction for the second field (Figure 9b). Here, the
matrix effects are better accounted for. Although the result is acceptable, a univariate calibration might
not be ideal for Fe.

T - Fe1406.359 nm
. Fel438.354 nm
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Figure 9. (a) Univariate calibration of Fe mass fraction calculated for data of the first field, R?
(406.359 nm) = 0.53, R? (438.354 nm) = 0.61; (b) Calibration applied to the second field, R? =0.51,
without two most obvious outliers (same samples as for Ca) RZ =0.68.
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While the calibration plot for Mg is characterized by a linear relationship but relatively large error
bars (Figure 10a), the validation plot (Figure 10b) obtained on the second field actually has a better
coefficient of determination than the calibration fit itself. Although this can be explained by a few high
error intervals of the intensities used for the calibration, it is still a promising result.

i I
f Lt
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500 1000 1500 2000 2500 3000 3500
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Figure 10. (a) Univariate calibration of Mg mass fraction calculated for data of the first field, the line
used is Mg 1277.983 nm, R2=0.71, (b) Calibration applied to the second field, R2 = 0.51, without two
most obvious outliers (same samples as for Ca) R? = 0.76.

Opverall, it can be concluded that using actual field samples for building the calibration improves
the performance for the univariate calibration. Such univariate methods can thus be used for predicting
values. In the future, online LIBS measurements on the field can be used to determine which samples
to use for laboratory analyses. If these samples represent a good range of the values of interest,
a strong calibration can be built, which can in turn be used to predict values for all points of the
online measurements.

3.6. Multivariate Analysis

One possibility for characterizing the heterogeneity of soil compositions of the individual fields,
and of the first field in relation to the second field, is to apply PCA. For that purpose, the complete LIBS
spectra were introduced into PCA. In the score plot (Figure 11) the first two components, which explain
93% of the variance, are presented. Grouping the data points by fields implies that the heterogeneity of
the second field (red points) is lower than that of the first (black points). This also explains why the
univariate calibrations were largely successful and justifies using the first field as training data and the
second field as validation data in multivariate analyses.
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Figure 11. PCA of all LIBS spectra of the first (black points) and the second field (red points).

As a multivariate regression method, PLSR was performed on our data. Validation of the results
of the regression model was taken into account in two different ways. First, 20-fold cross-validation
was applied on the data of the first field. This is demonstrated for Ca data of the first field in Figure 12a.
Correlation plots of Ca mass fractions predicted by LIBS and by ICP-OES are shown. The red squares
are the result of the PLSR calibration, and the blue points represent 20-fold cross-validation. For PLSR,
the logarithms of Ca values were taken, and 5 components were used.
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Figure 12. (a) Partial least squares regression (PLSR) of Ca data for the first field (UV range), red
squares represent calibration data (R? = 0.96), blue points represent 20-fold cross-validation (R? = 0.83),
(b) application of PLSR of Ca data to the second field (R? = 0.58).

The PLSR cross-validation data (R? = 0.83) demonstrate the potential of multivariate regression
for predicting mass fractions on the same field. A second, additional validation is obtained by applying
the calibration obtained of the first field to the second field, demonstrating how universal a calibration
could become. This is shown in Figure 12b for Ca and gives an impression of the prediction quality of
PLSR calibrations for additional fields with similar soil types (R? = 0.58).

PLSR was also applied to the elements Fe and Mg (Figure 13). For both elements, the logarithms
of the mass fractions were used for PLSR. Seven components were used for PLSR of the Fe data, and 6
components were used for PLSR of the Mg data. The cross-validation plots of both elements scatter a
bit stronger than the Ca plot (R? (Fe) = 0.70, R? (Mg) = 0.79). The application of the calibration data
of the first to the second field results in a similar scattering of the predicted values. With increasing
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element mass fractions, the deviation of predicted values from reference values becomes systematically
larger. LIBS underestimates high Fe and Mg mass fractions.
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Figure 13. (a) PLSR of Fe data for the first field (UV range), red points represent calibration data
(R? = 0.986), blue diamonds represent 20-fold cross-validation (R? = 0.70), (b) application of PLSR of Fe
data to the second field R? = 0.37, (c) PLSR of Mg data for the first field (UV range), red points represent

calibration data (R2 = 0.96), blue diamonds represent 20-fold cross-validation RZ=0.79, (d) application
of PLSR of Fe data to the second field R? = 0.38.

3.7. Field Maps

One main aim in precision farming is the mapping of nutrient distributions on agricultural fields.
In connection with fertilizer reccommendations based on measured data as well as models, these maps
help the farmers identify nutrient-depleted areas. The change between nutrient-rich and depleted

areas can be seen on the three maps of Figure 14. Thus, the eastern areas are richer in all three elements
while the western areas are depleted.
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Figure 14. Maps showing the element distribution of (a) Ca, (b) Fe, (c) Mg and (d) ECa on the first field
(north is up).

This spatial trend was further explained by the evaluation of the ECa map (Figure 14d), which
was recorded directly on the field. The ECa values were positively correlated with all elements as
determined by the reference method and by LIBS.

4. Summary and Conclusions

LIBS is a promising method for efficient soil data collection at high spatial resolution, as required
for precision agriculture. This is due to the capability of LIBS to rapidly measure mass fractions of
many elements simultaneously without or only very little sample preparation. These advantages are
contrasted by a strong matrix dependence of the LIBS signal which requires careful calibration and
data evaluation methods.

In this work, different approaches for the evaluation of LIBS data were investigated. The first
univariate method was based on standard addition to just one soil sample, the second was a univariate
method based on a larger number of samples characterized by reference analytics. This second
method accounted for matrix effects and thus yielded better predictions. The third method was a
multivariate method (PLSR) which yielded better calibration curves, but did not substantially improve
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the prediction compared to the reference univariate method. Alternative and maybe better suited
multivariate methods can potentially provide better results.

The work begun here should be continued by expanding the LIBS measurements to a larger
database, containing more and especially different soil types. It could also be interesting to obtain soil
samples from the same field in different years and verify if the same calibrations can be used. The
classification of soil samples based on different soil types and the application of tailored calibration
methods for these soil types can improve the accuracy and repeatability of measuring results in the
future. Additionally, the amount of sample preparation performed in this work has to be reduced in
order to transfer the method to the field.
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Abstract: The numerous applications of rare earth elements (REE) has lead to a growing global
demand and to the search for new REE deposits. One promising technique for exploration of these
deposits is laser-induced breakdown spectroscopy (LIBS). Among a number of advantages of the
technique is the possibility to perform on-site measurements without sample preparation. Since
the exploration of a deposit is based on the analysis of various geological compartments of the
surrounding area, REE-bearing rock and soil samples were analyzed in this work. The field samples
are from three European REE deposits in Sweden and Norway. The focus is on the REE cerium,
lanthanum, neodymium and yttrium. Two different approaches of data analysis were used for the
evaluation. The first approach is univariate regression (UVR). While this approach was successful
for the analysis of synthetic REE samples, the quantitative analysis of field samples from different
sites was influenced by matrix effects. Principal component analysis (PCA) can be used to determine
the origin of the samples from the three deposits. The second approach is based on multivariate
regression methods, in particular interval PLS (iPLS) regression. In comparison to UVR, this method
is better suited for the determination of REE contents in heterogeneous field samples.

Keywords: LIBS; rare earth elements; minerals; PCA; iPLS regression

1. Introduction

Rare earth elements (REE) are used in a wide range of modern technologies, which
include, for instance, renewable energy technologies, communication technologies and
petrochemistry [1-3]. Lanthanum and neodymium are relevant for electric mobility, for
example, as well as for optimizing the material properties of steel alloys in conjunction with
cerium. In the future, zirconium dioxide stabilized by yttrium will be applied as electrolyte
material in fuel cells [2]. These diverse applications, especially in high-tech-industries,
drive the global demand for REE. While in 2013 the need for REE in important future
technologies accounted for about 30,900 t, studies predict an increasing demand of up
to 70,900 t by 2035 [4]. Due to this increasing demand, REE are important resources [5].
Contrary to their name, they are widely distributed in the earth’s crust as trace elements.
Due to the chemical similarity, elements of neighboring atomic numbers can substitute
each other in the crystal structures of various minerals [1,6]. The most economically
important REE-containing minerals are carbonates and phosphates, such as monazite,
xenotime, bastnaesite or parisite. Within the minerals, the proportions of the various
REE vary. Light REE (LREE), all elements from lanthanum to europium, predominate
mainly in bastnaesite and monazite, whereas xenotime is a source of heavy REE (HREE),
from gadolinium to lutetium and yttrium. This distribution depends on the deposit, its
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formation and type [1,3,6-8]. Although there is a large number of REE-rich minerals
worldwide, mining is currently focused on a few deposits and minerals only. The mining
of these resources is challenging, but the recycling of REE-containing products is also
complicated [3]. Besides the aforementioned issues and the depletion of current deposits,
bottlenecks in the availability of REE are expected in the future [9]. The world’s largest
deposits are located in China. Currently, China is the world market leader in terms of
REE production. Besides other Asian countries, there are several thousand tons of REE
mined per year by Australia, the USA and Russia. To date, Europe has not mined any
of the existing REE deposits. Economically relevant deposits can be found mainly in
Scandinavia, especially in Sweden and Finland. These potential mining areas have elevated
contents of REE and could cover the supply of Europe [3,6,10,11]. At the same time, the
exploration of further REE deposits is growing in importance to ensure the supply in
the future. Exploration requires fast, ecological and cost-efficient analytical methods, on
the one hand to minimize the amount of sample material and, thus, the chemical and
geological laboratory work, and to reduce the associated costs on the other hand [12].
The most common techniques to detect and analyze REE are inductively coupled plasma
mass spectrometry (ICP-MS), inductively coupled plasma optical emission spectrometry
(ICP-OES), X-ray fluorescence (XRF) and neutron activation analysis (NAA). However,
most of these techniques are time-consuming and therefore expensive, for example due
to sample preparation. In addition, almost all of these methods require prior sample
collection for analysis in the laboratory [5,13-15]. Laser-induced breakdown spectroscopy
(LIBS) is a method that allows rapid on-site analysis in real time. In addition, almost no
sample preparation is required, as solid, liquid and gaseous samples can be analyzed in a
wide variety of matrices. In comparison to XRE, all elements of the periodic table can be
measured, including the lighter elements [5,12,13,16].

In LIBS, laser radiation is used to generate a plasma on the sample surface. The
resulting emission allows the analysis of the investigated samples based on the spectral
signatures of the characteristic elements [13]. Although the REE have numerous emission
lines, the detection and analysis of the elements is difficult due to spectral interferences of
the matrices and the low concentrations of the REE [5,16]. LIBS is often used for qualitative
analysis of elements or for classification of minerals. Quantitative analysis is based on
univariate and /or multivariate methods. Quantification by univariate regression (UVR)
is often difficult, especially in heterogeneous materials, because numerous chemical and
physical effects of the complex matrix can occur [12,17,18]. In contrast to univariate meth-
ods, the use of multivariate methods for quantification can remedy this situation. While
univariate regression only includes individual peaks of the spectrum in the quantification,
multivariate analysis techniques, such as partial least squares (PLS) regression, can include
the entire spectrum or, through variable selection, just a partial spectrum. In the case of the
application of the entire spectrum in PLS regression, the regression model contains noise
and redundant information. This can have a negative impact on the prediction results.
An alternative is to reduce the total spectrum to selected partial spectra, which contain
the most important information by variable selection. This can potentially improve the
predictive power of the model [19]. One such method is interval partial least squares
(iPLS) regression. In this method the entire spectrum is divided into equally sized spectral
intervals. From the resulting spectral sub-regions, the relevant information is provided
and summarized, which facilitates focusing on important spectral regions and removing
interference from other regions. PLS regression is performed on one spectral interval for
each element [19,20]. The width of these intervals can vary. In the case of broad intervals,
iPLS regression resembles a normal multivariate PLS regression. However, if the intervals
become smaller, the /PLS regression could be considered an automated UVR. iPLS regres-
sion was first used in IR spectroscopy, but also finds application in other spectroscopic
techniques, such as LIBS on soils [20,21].

The present work focuses on the utilization of LIBS for the exploration of new REE
deposits. The aim is the quantitative screening of REE in minerals, rocks and soils in the
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surrounding area of a potential REE deposit using LIBS and univariate and multivariate
iPLS regression. In this study, mineral, rocks and soil samples from the Scandinavian
deposits Norra Kérr and Olserum in Sweden and Fen-Complex in Norway are investigated.
Their elemental contents were determined by reference analysis (ICP-OES and XRF). The
relatively small number of samples examined is a result of the high costs of sampling,
transport and reference analysis. This problem accompanies geologists in their daily work
and is used in this study to demonstrate the potential of our methods. In order to charac-
terize the influence of matrix effects, synthetic REE samples produced from REE chloride
salts in serpentinite and a model soil as well as the field samples are compared. All sam-
ples are analyzed with respect to the elements cerium (Ce), lanthanum (La), neodymium
(Nd) and yttrium (Y). The results of the analysis with LIBS are evaluated with UVR and
iPLS regression.

2. Materials and Methods
2.1. Samples and Reference Analysis

A total of 167 samples containing REE were analyzed. Of these, 122 were artificial
samples (hereafter referred to as synthetic) and 45 were natural samples (hereafter referred
to as field). In both cases, a further distinction was made between rock and soil samples.
All samples were available as ground powders. The concentrations of REE in the synthetic
samples are summarized in Table S1 in the Supplementary Materials. Table 52 contains the
reference data of the composition of the field samples.

2.1.1. Geological Overview of Deposits

The field samples were collected at three different deposits in Sweden and Norway.
19 of these samples were taken in the Olserum-Jupval REE deposit in south east Sweden.
Sampled outcrops are located ca. 7 km NW of Gambleby Véstervik region (Figure 1a). REE-
phosphates-rich dikes cross cut metasedimentary wall rocks (cordierite-bearing gneisses).
The phosphates comprise monazite (LREE), xenotime (Y, HREE) and fluor-apatite (LREE).
In addition, allanite (REE-silicate), and the REE carbonates bastnaesite and synchisite-
Ce occur. The origin of the REE-deposit was studied in detail by Andersson et al. [22],
Fullerton [23], Russel [24] and Gavelin [25]. REE-phospate-rich dikes of up to 2 m thickness
occur near the contact to granitoids of the Transscandinavian Igneous Belt (ca. 1.85-1.65
Ga [26]) in the metasedimentary Véstervik Formation. The samples are from two dikes
located at a distance of ca. 150 m (from 57.94839N to 57.96364N, from 16.35213E to
16.32522E) [22,23,27].

The Norra-Karr Complex is a small, magmatic intrusion with an “agpaitic compo-
sition”, i.e., (Na + K) > Al. The complex has an elliptical shape with a north-south
extension of approx. 1300 m and an east-west extension of approx. 500 m (Figure 1a,b).
The Norra Karr Complex (ca. 1.5 Ga old [28]) intruded into igneous rocks of the Trans-
Scandinavian Magmatic Belt (ca. 1.8-1.7 Ga [29]). It essentially consists of various types of
nepheline syenites [26]. The original plutonic rocks show evidence of strong deformation
and metamorphic overprint [30]. The tectonometamorphic overprinting is assigned to the
Sveconorwegian orogeny (ca. 1048 Ga [31]). The rock sequence is known as a zirconium
deposit due to the high abundance of Zr-rich minerals [26,32]. The major REE-bearing
minerals are the silicates eudialyte, catapleiite and cerite. Eudialyte occurs as a REE-poor
magmatic type and a HREE-rich secondary (metamorphic) type, which is the major REE-
bearing phase. The analyzed rock and soil samples are from different parts of the intrusion,
with slightly different compositions. The REE concentrations of the rocks are up to 1 wt.%.
In addition, samples were taken from outside the intrusion as a reference (subsoil and
topsoil Nr. 20). Another sample obtained to the east of the intrusion was contaminated by
hydrothermal fluids, a so called fenitized rock. A total of 17 samples form Norra Karr were
examined [26-32].
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Figure 1. Maps of (a) all investigated deposits and (b) sample localities in Norra Kérr, Sweden.

The Fen Complex, located in the Telemark province of southern Norway, represents an
early Cambrian magmatic intrusion complex. It is dominated by carbonatites, formed from
carbonate melts [33-37]. The complex shows a surface outcrop of ca. 10 km?. The previous
carbonatitic melts intruded into Mesoproterozoic gneisses (Figure 1a). The carbonatites
are interlayered by alkaline ultramafic silicate rocks, i.e., containing <40% SiO, [26]. All
melts generated from a deeper mantle source. The carbonaceous intrusions modified
the surrounding gneisses by CO,-rich streams leading to alkaline metasomatic reactions.
Therefore, the Fen Complex is the type locality of the “fenitisation-process”. The Fen
Complex is known for its highly enriched thorium and rare earth concentrations [37]. The
major REE-bearing minerals are monazite [(LREE, Th)POy], bastnaesite [(LREE)CO3F] and
parisite [Ca(LREE),(CO3)3F;] [38]. Nine field samples for analyses of the Fen Complex
were provided by the Federal Institute for Geosciences and Natural Resources (BGR) [38].

Reference analysis for the REE cerium, lanthanum and neodymium was carried
out by inductively coupled plasma optical emission spectroscopy (ICP-OES) and X-ray
fluorescence spectroscopy (XRF spectroscopy) for yttrium. The samples were available as
ground powders. For LIBS measurement, all powders were pressed into pellets (TP 40,
Herzog Maschinenfabrik, Osnabriick, Germany).

2.1.2. Preparation of the Synthetic Samples

The synthetic samples were prepared by standard addition. REE used as chloride
hydrates (CeCls - 7H,0O, LaCls - 7H,O, NdCl3 - 6H,O, YCl3 - 6H,0) were mixed with the
respective matrices, soil and rock. For the samples in rock, a milled mixture of serpentinite
and weathered crust was used. The matrix used in the soil-based samples is a soil contain-
ing loess from central Europe. The salts were obtained from Sigma Aldrich (St. Louis, MO,
USA). The weighed rock samples were mixed with 3 wt.% distilled water, homogenized
in a mill (MM 400, Retsch, Diisseldorf, Germany) and pressed into pellets (TP 40, Herzog
Maschinenfabrik, Osnabriick, Germany). The soil samples were only homogenized and
pressed into pellets. For one pellet, 3 g of sample is used. Pellets were prepared separately
for each REE and concentration: 16 pellets for both Ce and Nd and 15 pellets for both La
and Y were prepared, respectively (see Table S1 in the Supplementary Materials). Also, the
pellets containing blank rock and soil were prepared for preliminary measurements but
were not involved in iPLS regressions. The REE concentrations in the serpentinite and the
soil were much less than 10 ppm.



Publikationen

53

Minerals 2021, 11, 1379

50f 17

2.2. Instrumental Set up of LIBS and Measurement Parameters

The samples were positioned on a rotating and linearly translating sample desk,
resulting in a spiral-like measurement pattern. This ensured a fresh surface on the pellet for
each ablation event. The light of the Nd:YAG laser (Bernoulli LIBS, Litron Lasers, Rugby,
England, Great Britain, A = 1064 nm, E = 20 m], repetition rate 10 Hz) was focused by a
lens (focal length 50 mm) and created the plasma on the sample surface. Emissions were
collected by a concave mirror (ME-OPT-0007, Andor Technology, Belfast, Northern Ireland,
UK, focal length 52 mm, A = 200-1100 nm) and focused on an optical fiber to guide the
radiation to an echelle spectrometer (Aryelle Butterfly, LTB, Berlin, Germany). The two
wavelength ranges (UV range: 190-330 nm, VIS range: 275-750 nm) of the spectrometer
were measured separately with a resolution of 20-30 pm (delay time 2 ps). The spectrometer
was equipped with an ICCD camera (iStar, AndorTechnology, Belfast, UK) as detector (gate
width 10 us). A total of about 230 spectra per sample were recorded in both the UV and
VIS regions. For each spectrum, 10 single shots were accumulated.

2.3. Processing and Analysis of Data by Univariate and Multivariate Methods

Origin (OriginLab, Northampton, MA, USA) was used for univariate analysis. Matlab
(Version 2019b, MathWorks, Natick, MA, USA) was used for the preprocessing and the
multivariate methods PCA and iPLS regression.

Spectra were preprocessed by background correction and standard normal variate
(SNV) normalization. A top-hat filter was used for the background correction. The utilized
structure element length of 20 data points corresponds to a filter width of approximately
0.26 nm. The SNV normalization followed the background correction. For SNV normal-
ization, the mean value of the entire spectrum was subtracted from the spectrum and
the difference was divided by the standard deviation. After processing the data using
background correction and SNV normalization, the 230 spectra were averaged so that one
spectrum was finally obtained for each sample examined.

For the univariate regression, one element-specific peak was identified for each REE
examined, and the peak area (A) was determined by integration of each of the 230 spectra
and subsequent calculation mean and standard deviation. The peak area was plotted
against the concentration. Principal component analysis was performed on the raw spectra
of the field and synthetic samples.

For the iPLS regression, we used the iToolbox from Nergaard [20]. The 230 spectra
were averaged prior to iPLS and a separate iPLS was performed for each element, with the
only input variables being the concentrations of the element in question. Cross validation
was performed internally in the /PLS algorithm, as well as validation externally with test
data excluded from the algorithm. The iPLS regression was based on variable selection in
spectral intervals. The number of intervals was varied, with a maximum of 5000 intervals.
Interval separation was performed on raw wavelength data. Due to the way echelle data
is transformed from the 2D to the (standard) 1D representation, this resulted in intervals
with different spectral widths (but constant numbers of sample points). The exact number
of intervals and the number of components were determined individually for each sample
(Tables 4 and 5) by systematic variation of the interval length. The interval number that
resulted in an interval with the smallest RMSE was selected. The PLS regression was
performed at this interval. Validation of the iPLS regression results was performed by
5-fold cross-validation with systematic exclusion.

3. Results
3.1. Structure of REE Spectra

LIB spectra of REE-bearing minerals are highly complex due to the line-rich REE
[12,13]. The NIST LIBS database displays, e.g., 7723 lines for cerium. Furthermore, REE
often occur associated with other REE. In addition, strong emission lines of other elements
of the surrounding matrix contribute to the complexity of the spectra. A typical LIB
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spectrum of a REE-bearing mineral and an enlarged partial spectrum are displayed in

Figure 2.
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Figure 2. Representative LIB spectrum of a monazite-xenotime-apatite-bearing vein: (a) the entire spectrum (A = 275-750
nm) and (b) a partial spectrum (A = 380-430 nm) with important REE emission lines.

As a consequence of the large number, emission lines from different elements can be
partially or even completely superimposed. This complicates the assignment of the lines
to the numerous elements, especially in spectrometers with a lower resolution. The use
of high-resolution spectrometers can reduce these problems in line evaluation (Figure 3).
Compared to spectra with a resolution of >100 pm, spectra with a higher resolution can be
obtained by spectrometers based on echelle gratings, allowing better resolved peaks to be
observed. The echelle spectrometer used here has a spectral resolution of about 25-30 pm
in the VIS range.
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Figure 3. Spectra of Nd (element peak at 380.5 nm) simulated on the basis of the NIST database [39]
with a spectral resolution of 100 pm (blue line) and 25 pm (black line).
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The improved resolution of the spectra enables the separation of partially superim-
posed lines in lower-resolution instruments and yields a more exact line position. This
allows the identification of numerous lines of REE using the NIST database (Figure 2b) [39].
The identified emission lines can then be used in quantitative elemental analysis with LIBS.
Two examples of unresolved features in the simulated low-resolution spectrum (resolution
of 100 pm) of Nd in Figure 3 are the line triplet at 381.05 nm, which can be completely
resolved in the simulated high-resolution spectrum which mimics the spectrum of an
echelle spectrometer (resolution of 25 pm), and the duplet at 380.9 nm which can only
be partially resolved even in the echelle spectrometer. REE lines that overlap lines of the
matrix elements are unsuitable for the investigation. These lines, marked with an asterisk
in Table 1 below, are not included in the analyses performed in this work. The other spectral
lines listed were used in the univariate and multivariate regression.

Table 1. Experimental spectral lines of analyzed REE (shown in Figure 2b) used in this work collected
with the echelle spectrometer. Emission wavelengths marked with an asterisk (*) are not used in

this work.
Species Spectral Lines
Cell 380.15 nm, 394.27 nm *, 413.38 nm, 413.76 nm
Lal 418.73 nm *
Lall 387.16 nm *, 394.91 nm, 403.16 nm
Nd II 380.53 nm, 386.34 nm, 430.22 nm *
YI 410.24 nm, 407.73 nm *, 412.82 nm

3.2. Univariate Regression

REE do not occur as native metals in nature. Rather, they occur in various rock-forming
minerals [6]. This results in field samples being complex mixtures of a wide variety of
elements [13]. To evaluate the influence of the matrix elements on LIB spectra of REE,
univariate regression analyses were performed on the data sets of the synthetic and field
samples experimentally obtained. While the matrix of the synthetic REE samples (one
rock or soil) is constant, REE in field samples are embedded in various minerals, rocks or
soils. The samples in this work contain Ce, La, Nd and Y at different concentrations. For
each REE investigated, a regression analysis was performed at up to 3 emission lines. The
corresponding coefficients of determination (R?) and limits of detection (LOD) are reported.
The LOD is the quotient of three times the standard deviation of the baseline and the slope
of the obtained regression line. The resulting values of LOD are shown in Table 2.

Only spectral lines which occur in the entire examined concentration range were used.
Since unsuitable lines also occur for each element (Table 1), different emission lines were
used for the analyses in the different matrices. In the investigated field samples, the REE
content varies over several orders of magnitude (from 1 ppm up to 3%). Therefore, the
presentation of the regression lines is best done by a double logarithmic plot to cover the
whole concentration range. All lines investigated are summarized in Table 2 with the
corresponding coefficients of determination and LOD.

3.2.1. Univariate Regression of Synthetic Samples

For synthetic REE samples of rocks, the UVR functions of the Ce line at 413.76 nm
and the Nd line at 386.34 nm are shown in Figure 4 as examples. Both elements show
the best regression results at these emission lines in terms of linearity, which is R? = 0.91
for Ce and R? = 0.98 for Nd. The other studied REE, La and Y, also have good coeffi-
cients of determination at the selected wavelengths: R? (La at 379.08 nm) = 0.99 and
RZ (Y at 412.82 nm) = 0.97.
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Table 2. Results of univariate regression of synthetic samples of REE (Ce, La, Nd, Y) in rock and soil:
wavelength, LOD and R of best and other analyzed REE lines.

Species AMnm LOD/ppm R? Species Anm LOD/ppm R?
in rocks best results other lines
Cell 413.38 120 0.90
Cell 413.76 115 0.91 Cell 456.23 130 0.90
Lall 399.57 7700 0.99
Lall 379.08 3180 0.99 Lall 43337 3500 0.99
Nd II 386.34 158 0.98 Nd II 380.53 28500 0.91
Y1 410.24 65 0.97
YI 412.82 61 0.97 Y11 488.36 50 0.97
in soils best results other lines
Cell 413.38 290 0.98
Cell 413.76 285 0.99 Cell 456.23 270 0.99
Lal 550.13 210 0.95
Lall 404.29 160 0.97 Lal 624.99 200 0.95
Nd II 386.34 414 0.96
Y II 363.31 270 0.95
Yi 488.36 227 0.8 Y1 437.49 290 0.94
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Figure 4. Univariate regression of synthetic samples in rock from (a) Ce (R? (413.76 nm) = 0.91) and (b) Nd (R? (386.34 nm) = 0.98).

The results of the UVR obtained for the synthetic samples in soils were similar to the
synthetic minerals although the emission lines varied. Examples are the results for the
REE Ce and Y in soils (Figure 5). For Ce the emission line at 413.76 nm, and for Y the
line at 488.36 nm were used, respectively. Both have high coefficients of determination
(R? (Ce) = 0.99, R? (Y) = 0.98). Coefficients of R? > 0.96 were also obtained for the UVR
of the elements La (404.29 nm) and Nd (386.34 nm). The other reported lines of the REE
in rock and soil also yield good results, but they show reduced linearity as indicated by
smaller R? (R? = 0.90-0.99, Table 2). The detection limits of the REE in rock and soil are
similar for most elements. Their average LOD is 200 ppm (except for La in rock, which
exhibited an unusually high LOD as a result of the large spread of the data points, very
likely due to matrix effects) with a standard deviation of 110 ppm. Nevertheless, the
values of the LOD vary between elements and even between the matrices for one element,
sometimes significantly.
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Figure 5. Univariate regression of synthetical samples in soil of (a) Ce (R? (413.76 nm) = 0.99) and (b) Y (R? (488.36 nm) = 0.98).

3.2.2. Univariate Regression of Field REE Samples

In comparison to the synthetic samples, the UVR of the field samples of REE-bearing
rocks yielded worse results. This is due to two reasons: first, the matrix, which is signif-
icantly more complex than the matrix of the synthetic samples, which consists of only
one rock (serpentinite). Second, there are great matrix variations between the different
sample locations. The UVR results were again evaluated on the basis of the coefficients of
determination. These range from 0.43 to 0.85 for field rock samples (Table 3). An example
is the best La line at 408.67 nm (R2 =0.82, Figure 6a). Except for Nd, the best emission lines
of the other REE investigated yield coefficients of determination around 0.80 (Table 3).

Table 3. Results of univariate regression of field samples of REE (Ce, La, Nd, Y) in rocks and soils:

wavelength, LOD and R of best and other analyzed REE lines.

Species Anm LOD/ppm R? Species Anm LOD/ppm R?
in rocks best results other lines

Cell 413.76 218 0.79 gi g 2‘812[1)2 g?g %775
s e e L BB B0
- -
o e w e § mE i
in soils best results other lines

Cel 594.08 359 0.51 gz : 556701'_192 451(7)8 812
T
wiomw o w on  ME =R B
N
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Figure 6. Univariate regression of field samples (a) in rocks from La (R? (408.67 nm) = 0.82) and (b) in soils from La

(R? (404.29 nm) = 0.52).

Stronger matrix effects can be observed in the UVR of field soil samples. These samples
have an even higher variance in composition, which affects the LIB spectra. UVR of the
best lines yields low coefficients of determination between 0.16 and 0.52 (Table 3). This is
shown in Figure 6b for the regression lines of La (404.29 nm).

The average LOD for the investigated REE in field samples (soils and rocks) is 300 ppm
(except for Nd in rock) with a standard deviation of 140 ppm. Thus, the LOD values are
slightly higher than the LOD of the synthetic samples. Better results of the UVR analysis
were obtained for those samples that have the same and a less complex matrix composition,
i.e., for the synthetic samples of rock or soil. In natural field samples with strong matrix
variations, multivariate methods have the potential to compensate the variations in spectral
interference caused by the differences in matrix compositions and can be an alternative to
the UVR.

3.3. Characterization of Matrix Effects by Means of PCA

One way to investigate these influences of the matrices is to characterize the differences
in the chemical composition of soil and rock. This is possible by means of unsupervised
methods such as principal component analysis (PCA). For this purpose, the LIB spectra of
the soils and rocks collected near the three REE deposits are investigated by PCA. The first
two principal components are shown in the score plot (Figure 7). For the reference rocks,
82.8% of the variance can be explained by the first two components (Figure 7a). In the case
of the reference soils, 96.7% of the variance is explained by the two components (Figure 7b).
In the score plot of the rock samples (Figure 7a), the samples of the three deposits form well
separated clusters, which are displayed in different colors. The samples of the individual
deposit clusters also show a considerable scattering, especially in the case of the Norra Karr
samples. This allows the determination of the provenance of the samples and also indicates
the strong differences in the chemical composition of the matrices within and between
the deposits, which is caused by the types of rocks present in the individual deposits. All
three deposits are composed of siliceous or carbonaceous rocks. However, the included
minerals influence the composition and thus allow a differentiation of the deposits by
PCA. The igneous rock of the Swedish Norra Karr deposit (red) is a nepheline-bearing
syenite with agpaitic composition. These samples are particularly rich in sodium and
potassium. In contrast, the Olserum deposit (green) has a mainly cordierite-bearing gneiss.
As a result, the siliceous rock is magnesium- and aluminum-bearing. The rocks of the
Fen complex (blue) are carbonatites. Due to chemical and physical weathering processes
and accompanying degradation, the data points are partly scattered over large areas even
within the clusters. In addition, the widely spaced sampling locations (>50 m) contribute
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to the splitting of the data points. The points from the Norra Kérr deposit show the largest
scatter. Here the sampling locations are up to 200 m apart. The sampled veins in Olserum
are about 150 m apart.
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Figure 7. (a) PCA of reference rocks (VIS, raw), (b) PCA of reference soils (VIS, raw): blue—Fen complex, green—Olserum,

red—Norra Kérr.

For the soils, the interpretation of the PCA (Figure 7b) is more complex, since the soils
consist not only of physically weathered rock, but also of organic matter from the biosphere
and atmospheric dust [40]. Nevertheless, as in the principal component analysis of the
reference rocks, a clustering of the data points according to the deposits and their separation
from each other can be observed. This probably results from the rocks present. Although
the sampling locations in the deposits are far apart, the data points within the PCA are
not as split up as in the case of the reference rocks. This could be due to incoming organic
matter and atmospheric dust during formation. Thus, the samples are possibly more
homogeneous. In contrast, the strong splitting of the data points from the Fen complex
(blue) is particularly striking. This is probably due to the different weathering grade of
the soils.

In comparison, both PCA show similar results: data points are grouped by deposit and
separated from each other. All clusters show an internal separation of the data points. The
explained variance of both PCA analyses is already >82% for two principal components.
Thus, it is possible to assign the present samples to a single deposit. Surprisingly, the
explained variance of the reference soils is larger than that of the rocks. The reason for this
could be the nature of the samples. The soil samples are in powder form and thus show a
greater macroscopic homogeneity than the investigated rocks. As a result, the properties
are more evenly distributed, so that the components of the PCA capture more properties.
Thus, the reference soils can be explained with fewer principal components.

However, the differences in the chemical composition of the samples are also evident
in both analyses. This heterogeneity of the field samples is striking in the PCA of field and
synthetic samples (Figure 8a,b). In addition to the LIB spectra of the reference rocks, the
spectra of the synthetic samples (Ce) were included in the analysis. From the principal com-
ponent analysis (Figure 8a) it can be seen that the synthetic samples are more homogeneous.
These data points (orange) are concentrated in a small area of the score plot. Nevertheless,
they are not located at exclusively one point in the score plot, as the magnification in
Figure 8b shows. In comparison, the data points of the field samples are distributed over
a wide area in the plot. This supports our observation that the separation between the
samples from different sites is caused by the differences in the chemical composition of the
matrix and not by the variations in REEs concentration.
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Figure 8. (a) PCA of reference rock and synthetic samples (Ce), (b) magnification of area with synthetic samples (Ce): blue
Fen complex, green Olserum, red Norra Kérr, orange synthetic samples (Ce).

After performing PCA, it is clear that UVR is well suited for the synthetic samples
because they have a more homogeneous composition. For field samples, on the other hand,
univariate regression is unsuitable due to the heterogeneous matrix. For heterogeneous

samples, the use of multivariate regression models is therefore examined.

3.4. Interval Partial Least-Squares (iPLS) Regression

The multivariate method used was interval partial least-squares (iPLS) regression
based on variable selection. In this method, the spectra are divided into intervals of equal
spectral width. The number of intervals and the number of components were determined
based on the lowest RMSE individually for each sample and are reported in Tables 4 and 5.

Table 4. Results of iPLS regression of synthetic samples in rocks and soils.

. # Intervals Interval Width/nm iPLS: R? PLS: R?
Species
# Components Element Line/nm RMSECV RMSECV
synthetical samples in rocks

Cell 3000 intervals 0.02 0.98 0.88
VIS 10 components 507.50 1500 ppm 3719 ppm

Lall 20 intervals 20.35 0.99 0.99
VIS 4 components 398.8,399.57, 403.2, 404.29, 407.7, 408.67 490 ppm 391 ppm

Nd I 1 interval 490.56 0.98 0.96
VIS 3 components 380.53 1650 ppm 2250 ppm

YII 3000 intervals 0.05 0.99 0.73
uv 10 components 324.20 590 ppm 5130 ppm

synthetical Samples in Soils

Cell 2000 intervals 0.20 0.99 0.93
VIS 12 components 407.90, 408.00 280ppm 840 ppm

Lall 2000 intervals 0.19 0.96 0.24
VIS 6 components 394.90 0.42% 3205 ppm

Nd II 3000 intervals 0.16 0.95 0.73
VIS 7 components 532.00 0.45% 1903 ppm

YII/I 800 intervals 0.46 0.98 0.95
VIS 4 components 374.80, 374.90 480 ppm 827 ppm
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Table 5. Results of /PLS regression of field samples in rocks and soils.
. # Intervals Interval Width/nm iPLS: R?
Species
# Components Element Line/nm RMSECV
field samples in rocks
Cell 2000 intervals 0.288 0.92
VIS 18 components 639.30 1680 ppm
Lal 5000 intervals 0.078 0.92
VIS 3 components 495.00 760 ppm
NdI 400 intervals 1.30 0.89
VIS 15 components 521.30 1000 ppm
YI 1000 intervals 0.52 091
VIS 4 components 552.76 870 ppm
field samples in soils
Cell 400 intervals 1.24 0.83
VIS 12 components 502.30 1000 ppm
Lall 1800 intervals 0.269 0.93
VIS 11 components 497.00 350 ppm
Nd I 1000 intervals 0.164 0.83
VIS 12 components 307.50 420 ppm
YII 2100 intervals 0.17 0.84
VIS 11 components 371.00 200 ppm
The method was first tested on the more homogeneous synthetic samples. As shown
by the results in Table 4, the iPLS regression provides similarly good and, in some cases,
even better results than the UVR for these samples. Thus, for the synthetic samples
of cerium in rock, a better coefficient of determination of 0.98, compared to the UVR
(R2 =0.91, Cf. Table 2), could be obtained. An improvement of the regression could also
be accomplished for yttrium (R? (iPLS) = 0.99, R? (UVR) = 0.97). For lanthanum and
neodymium (Figure 9a) the coefficients of determination of /PLS regression and UVR are
in the same good range.
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Figure 9. iPLS regression of synthetic samples(a) in rock of Nd and (b) in soils of Y.

Similar results were obtained for the synthetic soil samples (see univariate data in
Table 2 and data of iPLS regression in Table 4). Figure 9b shows the iPLS results of yttrium
in soils. For the investigated REE cerium, lanthanum, neodymium and yttrium, coefficients
of determination between R? = 0.95-0.99 were achieved. These are similar to the R? of the
UVR (R? = 0.96-0.99). The fact that the multivariate method performs as well or even better
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for the synthetic samples suggest that their application to heterogeneous field samples
could be beneficial.

The application of iPLS regression to the heterogeneous field samples yields signif-
icantly better regression results than the UVR in all cases investigated. For samples in
rock, R > 0.91 can be obtained (Table 5). For lanthanum (Figure 10a), in contrast to the
UVR (R? = 0.82), a coefficient of determination of R? = 0.92 can be achieved by iPLS regres-
sion. For neodymium, a R? of 0.98 is found by using the multivariate regression method
(Figure 10b), which is also significantly better than for UVR (R? (UVR) = 0.56). Somewhat
less pronounced, but equally good, are the improvements in the regressions of cerium and
yttrium in rock.
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Figure 10. iPLS regression of field samples in rocks of (a) La and (b) Nd.

The improvement of the regression is most obvious for the field samples in soils.
The best coefficient of determination achieved for a UVR was R? = 0.52. All coefficients
of determination obtained for iPLS regression are better than R? > 0.83 (Table 5). For
lanthanum, the univariate regression value R? = 0.52 can be increased to R? = 0.93 in the
multivariate regression. The improvement is similarly strong in the case of neodymium.
Comparable to this are the changes in regression for yttrium and cerium.

In the iPLS regression, only the intervals containing relevant information, such as the
element lines, are considered (Tables 4 and 5). To that end, very small interval widths had
to be used in most cases. The subsequent PLS regression could thus also be considered an
automated UVR. Nevertheless, the iPLS regression has higher coefficients of determination
than the UVR. In addition to iPLS, PLS regression of the entire spectra was also examined.
However, this method was not able to provide a prediction better than guessing. This
demonstrates the advantage of variable selection in /PLS. Due to the sometimes extremely
narrow intervals, only parts of the relevant element lines are included in the regression.
Negative effects, such as self-absorption and partial contamination of the flank of lines, are
excluded, resulting in improved regressions with higher coefficients of determination [41].

In particular, the quality of the regression of the field soil samples shows the strength of
the multivariate method iPLS regression chosen here. Whereas, in the univariate regression,
coefficients of determination of R? = 0.47 are achieved on average, the regression can be
improved to a mean R? = 0.88. In addition to selecting appropriate spectral regions that
contain relevant information, variable selection also allows elimination of intervals that
contain noise or other irrelevant data. This can consider the influence of matrix effects of
the studied rocks and soils.

4. Summary and Conclusions

LIBS is a promising method for the detection of rare earth elements in rocks and soils,
as this technique can be used to detect REE in various matrices with no or minimal sample
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preparation. However, the spectral influence due to the matrices is problematic. In order
to consider this influence and increase the power of the analysis, multivariate methods
are required, especially for heterogeneous samples. In the present work, two approaches
were used to analyze the LIBS data. The first approach is the UVR based on the peak area
of the relevant LIBS signals. Here, the matrix effects of the heterogeneous field samples
were identified as problematic and further investigated using PCA. The influence of these
effects is considered in the second approach, a multivariate method. An iPLS regression
was used in which only relevant regions of the spectrum were included in the regression.
This improved the predictive accuracy of the regression. The investigations show that the
detection and evaluation of REE in rocks and soils is possible using LIBS in combination
with multivariate iPLS regression. The use of mobile LIB spectrometers can thus potentially
enable the exploration of new REE deposits.

To increase the predictive power of the method, further investigations should be
extended by samples from other deposits. Of particular interest here are REE-bearing sam-
ples, which have different accompanying matrices. For future studies, larger intervals and
combinations of individual intervals could be used with a smaller number of components.
For possible applications in the field, the use of a mobile spectrometer should be further
investigated. Should these investigations prove successful, the transfer of the methods
developed here into the field could be a promising possibility.
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Abstract: Its properties make copper one of the world's most important functional metals.
Numerous megatrends are increasing the demand for copper. This requires the prospection and
exploration of new deposits, as well as the monitoring of copper quality in the various production
steps. A promising technique to perform these tasks is Laser Induced Breakdown Spectroscopy
(LIBS). Its unique feature, among others, is the ability to measure on-site without sample collection
and preparation. In this work, copper-bearing minerals from two different deposits are studied.
The first set of the field samples comes from a volcanogenic massive sulfide (VMS) deposit, the
second part comes from a stratiform sedimentary copper (SSC) deposit. Different approaches are
used to analyze the data. First, univariate regression (UVR) is used. However, due to the strong
influence of matrix effects, this is not suitable for quantitative analysis of copper grades. Second,
the multivariate method of partial least squares regression (PLSR) is used, which is more suitable
for quantification. In addition, the effects of the surrounding matrices on the LIBS data are
characterized by principal component analysis (PCA), alternative regression methods to PLSR are
tested and the PLSR calibration is validated using field samples.

Keywords: LIBS; copper-bearing minerals; UVR; PCA; PLSR

1. Introduction

Non-ferrous metals (NF metals) are important materials in numerous areas of
modern life. NF metals are light and noble metals, such as copper, aluminum and gold
[1]. They are used in a wide range of applications, particularly in mechanical and vehicle
engineering, the electronics and electrical engineering industries, and in the building
industry. They are also a fundamental component of future technologies, such as electric
traction engines and thin film photovoltaic. As a result, the demand for NF metals will
increase in the future [2]. Various options are available to secure the supply of raw
materials. In addition to raw material substitution and more efficient use of resources in
production and application as well as in recycling, ore mining and thus metal extraction
can be optimized [2]. The production of commodity metals comprises two main areas:
mining, and thus also the prospection and exploration of deposits, and the metallurgical
process of the extracted ores and concentrates.

Minerals 2022, 12, x. https://doi.org/10.3390/xxxxx www.mdpi.com/journal/minerals
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Prospection and exploration of a potential deposit involves many steps and
usually takes years. Numerous methods and techniques are used in locating and
exploring new profitable deposits, including: remote sensing, geophysical techniques,
mapping, drilling, and finally geochemical methods [3]. All these investigations are
time-consuming and cost-intensive. In particular, the systematic drilling and sampling
as well as their analysis in the laboratory are expensive [3,4]. Alternatives could be
investigation methods that can be performed on site by using mobile sensor equipment.
Examples of these include mobile X-ray fluorescence analysis (XRF) or laser-induced
breakdown spectroscopy (LIBS), which allow to analyze the chemical (elemental)
composition in situ [3]. An explored deposit becomes a mine, if the ore content and
extent, as well as the infrastructure of the deposit make mining profitable [5]. This is
done by open pit, underground mining or by leaching. In all cases, the ore is
concentrated on site by separating ore minerals and gangue. Subsequently, metallurgical
process of the extracted NF ores and NF concentrates takes place [1,3]. Pretreatment, e.g.
by roasting and flotation, is followed by melting processes and further thermal
treatments. This is followed by thermal and electrical refining and final processing [1].
This procedure leads to a gradual increase in the level of purity. Monitoring metal
concentration before, during and after the production process is essential to ensure the
quality of the product. Particular attention is paid to the incoming inspection of the ores.
In the NF metals industry, various sensor-based techniques are used for incoming and
process control. They provide information on properties and surface characteristics of
particles and ores as well as on chemical and mineral composition [6]. The most
commonly used sensor techniques in the NF metals industry include X-ray fluorescence
(XRF), X-ray transmission (XRT), near-infra-red (NIR), as well as radiometric, optical
and inductive sensors [6,7]. In particular, the use of LIBS would also be feasible for ore
or concentrate input control. The method allows on-site, real-time analysis. In addition,
sample material of all aggregate states can be examined almost without sample
preparation and practically non-invasively. In LIBS, laser radiation induces a plasma on
the sample surface, which excites the sample material. The elements can be identified
from the spectral signature of the resulting emission [8,9]. In contrast to other
spectroscopic methods, such as XRF, LIBS can be used to analyze all elements of the
periodic table [9]. Thus, LIBS is suitable for the analysis of all NFs metals.

Copper is a superlative NF metal: highest electrical conductivity, highest
thermal conductivity, highest ductility, only excelled by silver [10,11]. In addition to
these properties, the good ductility, corrosion resistance, antibacterial effect and the
possibility of recycling the raw material without loss of quality, make copper one of the
world's most important functional metals [12,13]. The demand for copper is high and
will continue to increase in the upcoming years, driven by megatrends such as
digitalization, energy and transport transformation [13]. Copper occurs in nature in its
native form or in minerals [14,15]. To date, about 630 copper-bearing minerals are
known [16]. The copper ores of economic interest include, in addition to native copper,
the sulfidic ores chalcocite (Cu,S) and chalcopyrite (CuFeS,), and the oxidic ores cuprite
and malachite [3,13,14,17,18]. The most important ore for copper production is
chalcopyrite due to its frequent occurance [3]. Copper is mainly extracted by open pit
mining, but also by underground mining and leaching [5,13]. However, copper mining
has to accept new challenges. Environmental protection, land consumption and social
responsibility are essential aspects that must be taken into account in modern mining|[3].
At the same time, changes in ore quality are to be expected due to lower ore contents
and toxic accompanying elements such as arsenic, mercury and bismuth [13,19]. The
mineability of copper deposits has declined worldwide over the last 100 years, as the
demand for copper is constantly increasing. Currently, raw material deposits with
copper contents of 0.4 % are mineable [13]. In order to be able to meet the increasing
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demand for copper and to replace depleted mines, new deposits are being prospected
[3].

Copper mining is currently being carried out at numerous deposits
worldwide. The main sources of copper, in addition to porphyritic, hydrothermally
induced deposits, include volcanogenic massive sulfide deposits (VMS deposits) and
stratiform sedimentary deposits (SSC deposits) [3,13,14,20]. VMS deposits are
accumulations of sulfides previously formed by black smokers, i.e. geothermal ocean
floor vents exhalating superheated metal containing water, in the deep sea. Besides
copper, they are sources of several other metals. They are characterized by a wide
distribution and a high quality of their ores. Based on mineralogy, several types can be
distinguished. One representative of the VMS deposits is the so-called Cyprus type,
which describes important copper deposits on Cyprus [3,12,14]. These are mostly small
deposits that have medium contents of copper and zinc. Copper-rich veins are also
found beneath the ophiolite-bound basalts. Cyprus was already a mining area and
production site for copper in the early Bronze Age [3,21]. At its peak, 17 copper mines
were active on Cyprus. Today, only the Skouriotissa mine is still in use. It is one of the
largest deposits on the island, with 6 million tons of copper estimated total reserves
[3,21]. In this “Cyprus-type” deposits, the copper-bearing minerals occur in various
associated rocks, such as gabbros or basalts [12]. The main copper-bearing ore minerals
of the SSC deposit are chalcocite, bornite and chalcopyrite. One of the best-known
European deposits is the Polish Kupferschiefer (copper schist) in the Lubin district. It
belongs to the Zechstein Kupferschiefer formation and is part of the world's most
important copper deposits. About 500.000 tons of copper are extracted from the schist
here annually[3,12,22].

The mined sulfide copper ore contains a maximum of 2 % copper. It is
processed still on site. The resulting copper concentrate already has a copper content of
up to 30 %. The sulfidic ore concentrates are heated to copper matte (~ 64 % copper),
which is then roasted. In the process, sulfuric acid is recovered as a by-product of copper
production. In further steps, accompanying elements, such as iron, have to be removed.
These components are separated as slag. Through further roasting and heating, blister
copper and finally coarse copper is obtained from the copper matte, which has a copper
content of up to 98 %. After further oxidizing and reducing production steps, the
obtained tough-pitch copper (99.5 % copper) contains only a few impurities and can be
converted into cathode copper by electrolytic refining. At 99.99 %, cathode copper is the
commercial metal with the highest purity. From this, numerous copper forms are
produced, which are finally transferred to end-use products. Other important NF metals
are recovered from the anode slime [3,5,16,17].

With regard to exploration and smelting, LIBS can be used to determine the
qualitative as well as the quantitative elemental composition of copper-bearing ores and
concentrates. In addition to the content of copper in the raw material, the determination
of the accompanying elements is also relevant for smelting, since different processes are
used for metal extraction from sulfide and oxide ores [5]. By controlling the copper
quality in the individual production steps, of the cathode copper and of the final
products, their quality grade can be assured. In this respect, LIBS is often used for
qualitative analysis and classification. The determination of the content of the elements
contained in a sample is difficult using LIBS because the method has a limited
reproducibility due to the experimental conditions [23]. In addition, the surrounding
matrix can exhibit high variability in its composition, resulting in numerous chemical
and physical factors affecting in the spectra [23,24]. This poses a challenge on the use of
univariate regression (UVR) for content determination. Nevertheless, quantification can
be achieved by using multivariate methods that take matrix effects into account [23].
One of the most common multivariate analysis techniques is partial least squares
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regression (PLSR). Here, in contrast to UVR, the entire spectrum is taken in account for
the analysis, reducing the susceptibility of the results to matrix effects [23].

In the present work, on the one hand, the use of LIBS in the exploration of
copper deposits by means of a handheld spectrometer was investigated. On the other
hand, a stationary LIBS was used for the analysis of copper-bearing ores. Only ground
ore and rock samples from a VMS deposit and an SSC deposit were used for this study.
For calibration, commercially available chalcopyrite and chalcocite minerals were
ground up and blended with basalt and schist rock powders, respectively, at various
concentrations. UVR was used to construct calibration graphs of the two studied
minerals were obtained in both analyzed rocks. In addition to UVR, PLS regression was
used to quantify copper content and PCA was used to investigate matrix effects in
geologic samples.

2. Materials and Methods

2.1. Samples and reference analysis

A total of 158 samples with different copper contents were analyzed in this work
whereof 69 are artificial samples (referred to here as synthetic) and 82 are field samples.
One subset of the field samples was taken from the Apliki and Skouriotissa VMS deposit
of Cyprus. The other subset was taken from the SSC deposit of Lubin in Poland. The
accompanying matrix for a sample is either igneous rock basalt in the case of the VMS
deposit or schists in the case of the SSC deposit. All samples were in the form of
homogenized ground powders.

Reference analysis for the geological samples from Cyprus was performed by
aqua regia digestion followed by ultratrace ICP-MS analysis and by LiBO./LiB,O;
digestion followed by ICP-OES analysis, respectively. Sample copper concentrations
range from 41 - 10000 ppm. The samples from Poland were referenced by X-ray
fluorescence (XRF). Sample copper concentrations range from 0.8 - 2.4 %. For the LIBS
analyses, 3g of ground powders were pressed into pellets (P 40, Herzog
Maschinenfabrik, Osnabriick, Germany).

2.2 Geological overview of deposits

The sample subset from Poland, where the copper deposits belong to the sediment-
hosted stratabound copper desposits originates from Lower Silesia, the central area of
the Pre-Sudetic Monocline and the North-Sudetic Basin. They are part of the Zechstein
copper schist formation. The copper-bearing minerals occur in separate lithological
layers, accompanied by dark gray sandstones in the bottom layer, black schists in the
middle and carbonate rocks in the top part. The most important copper minerals of this
deposit are chalcocite (CusS), chalcopyrite (CuFeS,) and bornite (CusFeS,) [22,25].

The second sample subset, which originates from Cyprus, are sulfide
deposits that are part of the volcanogenic massive sulfide deposits. The Cyprus type of
this deposit belongs to the Troodos ophiolite complex, whose copper-bearing stockwork
is surrounded by basaltic pillow lavas. Besides the dominant minerals chalcopyrite
(CuFeS,), pyrite (FeS,) and sphalerite ((Zn,Fe)S), secondary copper minerals such as
chalcocite (CusS), covelline (CuS) and digenite (Cul_SS) occur [26,27].

2.3. Preparation of synthetic samples

Powders of the copper-bearing minerals chalcocite (minerals from the New
Cornelia Mine, Ajo, Arizona, USA) and chalcopyrite (minerals from Fiisseberg near
Bierdorf, Siegerland, Germany) were used for the preparation of the synthetic samples.
The samples were prepared by standard addition. In this process, the copper-bearing
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minerals were mixed with the respective accompanying matrix of basalt or schist. The
used basalt originate from Cyprus and the used schist sample originates from east of the
village of Lehesten in the southeastern Thuringian Forest. The schists are from the
Saxothuringian as part of the Variscan Mountains. The formerly marine, clayey
sediments were deposited in the Missisippian (Lower Carboniferous, ca. 360 Ma). The
weighed samples were homogenized and pressed into pellets (TP40, Herzog
Maschinenfabrik, Osnabriick, Germany). For one pellet a total of 3 g of sample material
was used. Here, two pellets were pressed for each concentration of copper, one in basalt
the other in schist. A total of 35 samples were prepared for each mineral, 15 in schist and
20 in basalt.

2.4. LIBS setup and measurement parameters

The samples were analyzed by two different LIBS spectrometers. One LIBS
spectrometer is a stationary laboratory benchtop instrument equipped with an Echelle
spectrometer (Aryelle Butterfly, LTB, Berlin, Germany). For the study, the samples were
positioned on a rotation and linear translation stage for enabling a spiral probing pattern
during the measurement. This ensured that each ablation was performed on a fresh
surface. Plasma at the sample surface was generated by a focused (f = 50 mm) Nd:YAG
laser (Bernoulli LIBS, Litron Lasers, Rugby, England, Great Britain, A = 1064 nm, E = 80
m]J, repetition rate 10 Hz, pulse duration 7 ns). Using a concave mirror (ME-OPT-0007,
Andor Technology, Belfast, Northern Ireland, focal length 52 mm, A =200 - 1100 nm), the
emission was collected and focused onto an optical fiber that guides the light to the
spectrometer. The spectrometer has two wavelength ranges (UV: 190 - 330 nm, VIS: 278 -
769 nm). Both ranges were measured separately with a resolution of 25 pm. An ICCD
camera (iStar, AndorTechnology, Belfast, UK) was used for detection. A total of
approximately 200 spectra were recorded per sample in the UV and VIS regions, with 10
spectra averaged per shot.

The second LIBS spectrometer is a handheld instrument (Z-300, SciAps,
WBN, MA). The plasma is generated by the integrated laser (A = 1064 nm, E = 7.5 m]J,
repetition rate 10 Hz, pulse duration 5 ns). The spectrometer has a wide wavelength
range (180 — 960 nm) with a resolution of 100 pm. In order to amplify the LIBS signal, the
measurements are additionally purged with argon gas before the measurement. The
measurements were performed using the GeoChemPro app. Each sample probed by a
grid of 8 by 8 spots, resulting in 64 spectra for each sample. The sampled area was
approximately 1 mm?. Each pellet was measured three times to obtain a representative
set of spectra of the sample.

2.5. Data pretreatment

All spectra were prepared for analysis by background correction, standard normal
variate-normalization, and final averaging of the data. A top-hat filter was used for the
background correction. The structuring element length was 20 data points. This
corresponds to a filter width of about 0.26 mm. Following the background correction, a
SNV normalization was performed. For this, the mean value of the entire spectrum is
subtracted from the spectrum. The difference is divided by the standard deviation of the
spectrum. The resulting data were finally averaged to obtain a representative spectrum
for each sample.

Linear regression was performed using two specific copper lines (324.75 nm
and 327.40 nm). The area of each was obtained by numerical integration with the
trapezoidal method. The sum of both peak areas represents the total peak area that is
plotted against the copper concentration.

The PLSR was performed with a 10-fold cross-validation. It was performed
for the number of components with the lowest estimated prediction error.
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Outliers were identified using the robust PCA (ROBPCA) method of Hubert
et al. [28]. Robust principal component analysis (ROBPCA) is an alternative to classical
principal component analysis (PCA), which is very sensitive to outliers due to the
empirical covariance matrix of the data. Robust PCA is designed for fast and robust
observation of high dimensional data. It uses projection pursuit techniques in the
original data space and projects the observations into a subspace with lower dimensions.
Here, robust covariance estimates are made. This allows the identification of outliers in a
data set and the classification of the data into four categories. Regular observations and
good leverage points, which are classified as belonging to the data set, and orthogonal
outliers and bad leverage points, which are designated as outliers. In the algorithm of
Hubert et al. a so-called outlier map is generated by plotting the orthogonal distance
against the robust score distance. In the resulting four quadrants the different data
points are grouped. All data points in quadrants I or II are orthogonal outliers or bad
leverage points, and are subsequently removed from the original data set [28].

For the principal component analysis (PCA), all spectra were fed after prior
background correction, normalization and averaging.

The procedure for the determination of alternative regression models was
analogous. In addition, the outliers were identified using ROBPCA and eliminated
before applying the regression models.

The preparation of the data, as well as the analyses were carried out with
Matlab (version 2021a, MathWorks, Natick, MA, USA). Origin (OriginLab,
Northampton, MA, USA) was used to display the results.

3. Results

In the present work, synthetic and field samples of the copper-bearing minerals
chalcopyrite (CuFeS,) and chalcocite (Cu,S) were analyzed by LIBS. The analyses were
performed on two different LIBS spectrometers. First, the samples were analyzed using a
handheld device. It is conceivable that mobile LIBS spectrometers could be used in the
exploration and prospection of new potential copper deposits. Second, the analysis was
carried out with an Echelle spectrometer. The high-resolution spectrometer could be
used, for example, in the process analysis of the incoming copper ores and concentrates
in the copper production.

3.1. LIB Spectra

The investigated copper-bearing field samples are from the basalt-related Cyprus-
type deposit and from the schist-related SSC deposit from Lubin. A comparison of the
obtained LIB spectra (Figure 1) highlights the differences and similarities between the
host rocks, basalt and schist. One aim also was to identify the spectral lines of the host
rock interfering with the copper lines in univariate regression and to estimate possible
matrix effects.
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Figure 1. LIBS spectra measured with the Echelle spectrometer of the host rocks schist (top) and
basalt (bottom) with marked lines of the relevant elements.

The line-rich LIBS spectra of the host rocks basalt (bottom, Figure 1) and schist (top,
Figure 1) show a variety of elements present in both matrices. Differences between the
host rocks are mainly in the contents of the individual elements. For example, the mafic
minerals of basalt contain high amounts of magnesium, iron and calcium [29]. In
contrast, the sedimentary rock of the SSC deposit is clay-bearing and chalky and
contains mainly the elements aluminum, silicon and calcium [30,31]. In addition, similar
contents of manganese are found in both matrices and titanium can be determined in
schist. Similar results are also obtained from the reference analysis of the two host rocks
(Table 1). Furthermore, nickel could be identified in basalt and schist.

Table 1. Average contents of the elements in the host rocks basalt and schist from the reference
analyses.

average element content/% Al Ca Fe K Mg Mn Na Si Ti

in schist 937 014 465 239 124 008 081 29.69 0.58

in basalt 707 771 247 077 556 0.09 090 2234 0.23

In order to detect possible interferences by the surrounding matrix, the LIBS
spectra of the field samples are compared with the spectra of the host rocks with respect
to the copper lines (Figure 2).
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Figure 2. LIBS spectra of the field sample compared with the corresponding host rock. Top: Field
sample from Cyprus compared with basalt; Bottom: Field sample from Poland compared with
schist. Nine copper lines are identified in each of the field sample spectra. Lines in the rock spectra
that are in the spectral vicinity of the copper lines are marked in grey. The measurements were
performed with the Echelle spectrometer.

In schist, some iron lines are found in close proximity to the copper lines at
515.32 nm and 521.82 nm. Near to the Cu lines at 324.75 nm and 327.40 nm used in this
work, titanium is found in schist and basalt at 324.87 nm. While the accompanying
matrix basalt has traces of copper, no copper is found in the host rock schist.

However, since they do not show significant interfering lines, they are well
suited as host for the copper minerals in the synthetic samples. The copper lines at
324.75 nm and 327.40 nm are also nearly undisturbed and can be used for univariate
regression of the handheld and Echelle spectra.

3.2. Univariate Analysis

One of the most common methods to determine the element contents in different
matrices is univariate regression (UVR), in which a calibration function is generated [32].
The calibration function describes a linear or nonlinear relationship between the element
content and the area of the element line in the spectrum. Its quality is described by the
coefficient of determination R? and the limit of detection (LOD). In the present case, the
linear calibration function describes the correlation between the copper concentration
and the peak area of the two copper lines at 324.75 nm and 327.40 nm in the spectrum,
which could allow quantification of unknown copper concentrations. Other copper lines
that could also be used for the analysis, e.g. at 521.82 nm [33], are not sensitive enough
due to the low copper concentration in the field samples. This is also clear from the
weighting of the spectral lines in the PLSR. In the case of the basalt-containing field
samples from Cyprus, the lines at 521.82 nm are not detected. The coefficients of
determination and the LOD of the calibration functions which are obtained from the
Echelle and handheld spectra are summarized in Table 2.
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Table 2. Coefficients of determination R? and LOD of the univariate regressions of the synthetic
samples and the field samples in basalt and schist with the Echelle and handheld spectrometer

basalt schist
sample LIB spectrometer
R LOD/ppm R2 LOD/ppm
Cu,S 0.95 140 0.85 1000 Echelle
CuFeS, 0.98 110 0.55 1000 Echelle
Cypriotmines 142, 5 110 - - Echelle
(basalt)
Polish mine - - 0.27 9000 Echelle
Cu,S 0.98 1600 0.41 1000 handheld
CuFeS, 0.96 1100 0.39 1000 handheld
Cypriotmines 1+2 -, (4 1000 ; - handheld
(basalt)
Polish mine - - 0.31 9000 handheld

The LOD are roughly estimated values. With respect to the coefficient of
determination three trends can be observed from the results:

1. The UVR obtained from the Echelle spectra have higher coefficients of
determination than the UVR obtained from the handheld spectra.

2. The UVR of the samples in schist (R? = 0.27 - 0.85) have lower R? than the UVR of
the samples containing basalt (R? = 0.63 - 0.98).

3. The synthetic samples (R? > 0.95 in basalt, R? > 0.39 in schist) have UVR with higher
coefficients of determination than the corresponding field samples (R? > 0.63 in
basalt, R? > 0.27 in schist).

The reasons for the lower linear correlation in the handheld spectra are probably
the lower pulse energy, the lower spectrometer resolution and the purging with argon
before and during the measurement. Compared to the Echelle spectrometer, where a
pulse energy of 80 m] was used, the handheld spectrometer has only about one tenth of
this pulse energy (7.5 mJ). The low pulse energy results in a cooler plasma, which affects
the overall line intensity. This change in line intensity can be partly compensated by
using argon gas in the sample space. At the same time, the use of a purge gas is
associated with uncertainties, since not all ambient air may be completely removed from
the sample space. The lower resolution of the handheld spectrometer probably also
contributes to the lower linear correlation. Compared to the Echelle spectrometer, which
has a spectral resolution of about 25 pm, the handheld spectrometer has a resolution
larger than 100 pm. The lower resolution may result in partially overlapping lines. As a
result, the exact line position is not known, and line identification becomes difficult.
Partial superposition can also lead to errors in the determination of peak areas and thus
inaccuracies in the univariate regression, which are reflected in the lower coefficients of
determination. The samples in schist show lower R? than those in basalt. The reason
could be the material properties of both rocks. Although both rocks are fine-grained and
relatively hard, schist has a lower density and is more brittle. This was also observable
during measurement. The pellets with a schist matrix were significantly more frequently
partially destroyed than the basalt pellets. This destruction of the pellets primarily
results in a more uneven surface and a less spatial correspondence between laser focus



Publikationen

75

Minerals 2022, 12, x FOR PEER REVIEW 10 of 21

and surface. This may influence the intensities of the spectra, resulting in lower
univariate regression curves.

The univariate regression of the field samples yields lower R? than the
synthetic samples. The field samples differ from the synthetic samples in copper content.
In addition, they are natural samples that can be more affected by matrix effects because
they are exposed to weathering and contamination. This makes the elemental
composition of the surrounding matrix more heterogeneous. Interfering spectral lines
can occur, which in turn can lead to partial superimpositions and interference of the
relevant lines. These result in correlations with lower linearity and thus lower
coefficients of determination. Good correlations can only be obtained for the synthetic
samples in basalt with the Echelle and handheld spectrometer. For the field samples and
especially the samples in schist, the univariate regressions are not suitable as effective
calibration functions due to matrix effects. For better quantification, the use of
multivariate methods is necessary.

3.3. Multivariate Analysis — Partial least squares regression (PLSR)

As multivariate regression method partial least squares regression (PLSR) was
applied. The regression model was validated twice. First, the stratified data set was
separated into a training and a validation data set (70:30). The regression model was
developed on the basis of the training data and was tested with the validation data.
Second, a 10-fold cross-validation of the training data was performed during model
development. The coefficient of determination R? and the root mean square error
(RMSE) of the validation (R?y, RMSEV) as well as the cross-validation (R?cy, RMSECV)
were used as figure of merit. Figure 3 shows an example of the correlation plot between
observed and fitted response of the PLSR of Cu,S in basalt from the Echelle
spectrometer.
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Figure 3. PLSR of CuFeS, data in basalt at Echelle spectrometer. The logarithms of the copper
concentrations and 2 components were used for the regression model. Black dots represent
calibration model (R?%cy = 0.97, RMSECV = 5016 ppm), circles represent validation (R?y = 0.95,
RMSEV =5012 ppm).

The black dots are the result of the PLS calibration (R2cy > 0.97), while the circles
represent the validation of the model (R?y > 0.95). Although the validation has a fairly
high goodness of fit, the plot shows potential outliers that could negatively affect the
correlation. To identify these potential outliers, the robust principal components analysis
(ROBPCA) method of Hubert et al. is applied.[28]. As a result, an outlier map (Figure 4)
is obtained, which is plotted between score distance and orthogonal distance.
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Figure 4. ROBPCA outlier map of CuFeS, data in basalt at Echelle spectrometer with 4
components. The robust score distance at 3.338 and the orthogonal distance at 22.950 span the
quadrants of the map. Two bad leverages (red) are detected in the first quadrant. Orthogonal
outliers are not included in the data set (2nd quadrant).

The first and second quadrants contain the outliers, the so-called bad leverage
points and the orthogonal outliers. They are removed from the original data. The
subsequent PLSR (Figure 5) gives better results in terms of linearity (R2cv > 0.98) of the
calibration model and validation (R2y > 0.96).
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Figure 5. PLSR of CuFeS, data in basalt at Echelle spectrometer with 2 components after
elimination of outliers, black dots represent calibration model (R?cy = 0.98, RMSECV = 4880 ppm),
circles represent validation (R?y = 0.96, RMSEV = 4586 ppm).

This procedure was applied to all the series of samples studied on the handheld
and Echelle spectrometer. The results are summarized in Table 3. In almost all cases, the
elimination of outliers results in a better regression model. The PLSR results of the data
measured on the handheld spectrometer show coefficients of determination of R?cy >
0.55. Exceptions are the sample series of the Cypriot samples (R?cy > 0.35) and Cu,S in
schist (R%cy > 0.22). In contrast to the PLSR results of the handheld spectrometer, the PLS
regressions of the samples analyzed by the Echelle spectrometer have higher coefficients
of determination (R?cy > 0.85). An exception are again the Cypriot samples with a lower
R2cy > 0.49.

Table 3. PLSR results of the examined samples in basalt and schist at Handheld and Echelle
spectrometer with 4 components after elimination of outliers by the robust principal components
analysis (ROBPCA) method
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number of cross-validation validation

sample
components Ry RMSECV R?%, RMSEV

handheld spectrometer

CuFeS; in basalt 5 0.74 1.2358 0.61 1.2902
Cu,S in basalt 7 0.96 0.4915 0.92 0.6313
CuFeS; in schist 5 0.68 1.2229 0.61 1.3138
CusS in schist 3 0.58 1.2960 0.60 1.2498
Cypriot mines 1+2 (basalt) 6 0.31 1.0249 0.25 1.0303
Polish mine (schist) 4 0.55 2922.8 0.45 3140.6

Echelle spectrometer

CuFeS,; in basalt 4 0.90 0.7628 0.87 0.8154
0.98 0.3454 0.97 0.3449
0.87 0.8256 0.86 0.7759

Cu,S in basalt
CuFeS, in schist
Cu,S in schist 0.79 0.9538 0.73 1.0026

Cypriot mines 1+2 (basalt) 0.52 0.8397 0.36 0.9420

a N N NG

Polish mine (schist) 0.85 1897.9 0.80 2066.4

In both cases, Echelle and handheld spectrometers, better regression models are
obtained for the synthetic samples than for the field samples, except for the regression of
chalcocite in schist. As already mentioned, the synthetic samples have a much smaller
variation in the matrix composition than the field samples. The latter ones are
inhomogenious, due to grain size variations and are exposed to natural processes, such
as chemical and physical weathering. Due to climate, ground cover, rock properties and
duration of exposure, the surrounding matrices weather very differently [34]. This
results in matrices that have a more complex chemical composition, which is dependent
on the site of sampling. Rock powders from the same rock were added to the synthetic
samples, so that hardly any differences in the matrix can be found. These differences of
the rock matrices influence the regressions.

Compared to the UVR, multivariate PLS regression improves the regression
models, especially for the synthetic and the field samples in schist measured by the
Echelle and handheld spectrometer. For the synthetic samples in basalt, similar
regression results are obtained. The UVR of the Cypriot field samples is better than the
PLSR.

3.3.1. Wavelength dependence

While UVR only considers two spectral lines of the entire spectrum, namely the
copper lines at 324.75 nm and 327.40 nm, PLSR includes all spectral lines in the analysis.
The PLS weights in Figure 6 show how strong the individual spectral lines of the LIB
spectra affect the PLS regression. In this figure, the PLS weights of the first two principal
components as a function of the wavelength are displayed for the field samples from
Cyprus (top) and Poland (bottom).
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Figure 6. Weighting of PLSR as a function of wavelength for PLSR of field samples from Cyprus
(top, green) and Poland (bottom, purple) with 2 components each (first component black, second
component grey).

In both cases, numerous spectral lines have positive weights. This also includes the
two copper lines at 324.75 nm and 327.40 nm, which were used for the univariate
regression. In addition to other copper lines of the Cypriot and Polish samples, quite a
few lines of the elements of the host rocks basalt and schist can be identified. In the
upper spectrum of Figure 6, mainly copper lines and iron lines are found with positive
weights. In particular, the copper lines originate from the copper-bearing minerals
chalcopyrite and chalcocite. The iron lines may result from the mineral chalcopyrite
(CuFeS,) and the matrix basalt (Cf. Table 1). The negative weighs originate from the
accompanying matrix basalt. These include element lines from silicon, magnesium,
manganese, aluminum, calcium and sodium. A different picture emerges when looking
at the weighting of the wavelengths for the Polish samples (Figure 6 below). In addition
to numerous copper lines, many lines with positive weights can be identified that are
part of the schist matrix. As in the case of the Cypriot samples, the Cu lines originate
from the minerals chalcopyrite and chalcocite. In contrast to the Cypriot samples,
significantly more Cu lines can be found here, because the copper contents of the Polish
samples are significantly higher than those of the samples from Cyprus. In addition to
the copper lines, lines of Ca, Mg, as well as Ba, Na and Li have positive weights. These
are part of the schist matrix. Mainly iron lines, but also Ca lines have negative weights.
While calcium is part of the accompanying matrix schist, iron lines may originate from
the copper mineral chalcopyrite and the matrix.

3.4. Principal component analysis (PCA)

One way to investigate the matrix influence is clustering by the principal
component analysis (PCA). For this purpose, all samples examined with LIBS are
characterized by PCA. The score plot shows the first two principal components that
explain most of the variance. In the score plot, closely grouped data points indicate low



Publikationen

79

Minerals 2022, 12, x FOR PEER REVIEW 14 of 21

204

score 2 (18.47 %)

304

404

-50

variance in the chemical composition of the matrix, whereas a wide distribution of data
points visualizes significant differences in the composition of the matrix.
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Figure 7. (a) Score plot of PCA of all samples analyzed with LIBS on the handheld spectrometer
(red - Cypriot mine 1, yellow - Cypriot mine 2, green - Cu,S in basalt, blue - CuFeS, in basalt,
purple - Polish mine, orange - Cu,S in schist, pink - CuFeS, in schist). (b) Score plot of PCA of
Cyprian samples (dark red) and samples containing Cu,S and CuFeS; in basalt (dark green).

Figure 7a shows the score plot of the handheld spectrometer. The first two
principal components explain about 71 % of the variance of the analyzed samples. The
samples containing basalt (Cyprian mine 1 (red), Cyprian mine 2 (yellow), Cu,S (green)
and CuFeS, (blue) in basalt) are spatially well separated from the samples containing
schist (Polish mine (purple), Cu,S (orange) and CuFeS, (pink) in schist). The samples
form clusters which are well separated depending on the deposit (field samples) or host
rock (synthetic samples) but the clusters of the two Cyprus deposits are poorly
separated from each other. Synthetic samples such as the Cu,S-bearing samples in basalt
(green) and schist (orange) as well as the chalcopyrite-bearing samples in basalt (blue)
are closely grouped. This indicates small differences in the chemical composition of the
matrix and explains their excellent regression fits (Table 3). The samples from the Polish
mine (purple) and the synthetic CuFeS, samples in schist (pink) represent a slightly
larger distribution. The matrices of these samples have larger variances in their chemical
composition. This results in slightly weaker correlations in the PLS regression. However,
the samples of Cyprus mines 1 (red) and 2 (yellow) have the widest distribution in the
score plot, indicating larger differences in the chemical composition of the matrices. This
also results in a weak correlation of the PLS regression (Table 3). The reason for the large
variations in chemical composition in basalt is probably chemical and physical
weathering. Depending on the collection site, the field samples were exposed to
atmospheric conditions to varying degrees, which led to the differences in composition.
These differences were visible on the specimens macroscopically, especially by color
differences, but also inclusions and different grain sizes. They are clearly illustrated by
the score plot in Figure 7b. Here, the first two principal components from the Cypriot
samples (dark red) and the corresponding synthetic samples in basalt (dark green) are
shown. In addition to the two clusters that formed, the wide distribution of data points
in the cluster of Cypriot field samples is striking. In contrast, the data points of the
samples containing Cu,S and CuFeS, in basalt have a rather narrow distribution,
illustrating a high similarity of chemical composition, which in turn can be found in the
PLS regression, indicated by a rather high coefficient of determination (R%cy > 0.74. Table
3).
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The PCA of the samples analyzed by the Echelle spectrometer yields a better
cluster separation of the different sources (Figure 8). Similar to the score plot of the
handheld spectrometer, the basalt containing samples (Cyprian mine 1 (red), Cyprian
mine 2 (yellow), CusS (green) and CuFeS, (blue) in basalt) are spatially separated from
the schist containing samples (Polish mine (purple), Cu,S (orange) and CuFeS, (pink) in
schist). The clusters are more clearly separated from each other than in Figure 7a, which
is also reflected in the coefficients of determination (R?cy > 0.79) of the PLS regressions
(Table 3). At the same time, the data points are more widely separated in the clusters.
The regressions of the samples analyzed on the Echelle spectrometer have higher
coefficients of determination than those of the samples measured on the handheld
spectrometer. The score plot of the samples measured on the Echelle spectrometer
mainly shows better separated clusters and more evenly distributed data points.
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Figure 8. Score plot of PCA of all samples analyzed by LIBS on Echelle spectrometer (red - Cypriot
mine 1, yellow - Cypriot mine 2, green - Cu,S in basalt, blue - CuFeS, in basalt, purple - Polish
mine, orange - Cu,S in schist, pink - CuFeS,; in schist).

3.5. Alternative regression models

The PLS regression has become a standard tool of chemometrics in chemistry and
engineering [35]. In this paragraph, other regression methods are also investigated. For
this purpose, the samples were examined by three additional regression methods and
different kernel functions. Besides the linear methods principal component regression
(PCR) and linear support vector machine (SVM) regression, nonlinear methods such as
the quadratic and the cubic SVM, as well as Gaussian process regression (GPR) were
examined. As kernel functions, the rational quadratic GPR, exponential GPR and matern
5/2 GPR were used. Using the field samples from Poland measured on the Echelle
spectrometer as an example, the results are shown in Table 4.

Table 4. Different regression models with coefficients of determination (R?) and root mean square
error (RMSE) of the regression and validation using the field samples from Poland measured on
the Echelle spectrometer after the elimination of outliers by the ROBPCA method.

cross-validation validation
model
R2ey RMSECV R?y RMSEV
PLS regression 0.85 1897.9 0.80 2066.4
PCR 0.73 2636.0 0.69 2943.1
linear SVM 0.71 2744.8 0.65 3161.1

quadratic SVM 0.67 2920.8 0.68 3023.5
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cubic SVM 0.62 3125.1 0.74 2714.9
rational quadratic GPR 0.73 2646.3 0.59 3395.1
exponential GPR 0.76 2469.4 0.58 3420.7
matern 5/2 GPR 0.74 2564.8 0.59 3387.1

Table 4 shows that there are models which are able to describe the investigated
data well, e.g. the linear regression (R?cy = 0.73. R?, = 0.69), nevertheless none of the
shown models is able to describe the data as accurately as the PLS regression (R%cy =
0.85, R%y = 0.80). All other models achieve lower coefficients of determination. This is the
reason for applying PLS regression as the method of choice in this work.

3.6. Validation of the PLSR calibration based on the field samples

In the exploration of copper deposits many samples have to be measured and only
a few samples can be drawn for a later investigation by laboratory-based methods (e.g.
ICP-OES). This limited sample volume often results from limited transport capacity and
the high cost of reference analysis. The prerequisite for on-site measurements in the field
is a reliable calibration model. One way of creating this is based on the standard
addition method, in which various amounts of the copper mineral are added to a
representative host rock. However, since the host rock often varies greatly in its
chemical composition in the field, strong deviations in the LIBS signal are to be expected.
This is reflected in the PCA score plot, where the clusters of synthetic and real samples
are clearly separated and differ in their area. One way of adjusting the calibration
function to the field conditions can be the addition of some real samples, which have
been characterized (labeled) by reference analysis, to the calibration model. A way to
validate the calibration is to apply the obtained calibration model to the field samples.
Besides validation, this also shows if and how comprehensive the calibration can be.
Additionally, an idea of the predictions on the basis on the PLSR calibration models for
other samples with similar associated rocks is gained.

The PLSR calibration models of the synthetic samples of Cu,S and CuFeS, in

basalt and schist, respectively, were applied to the Cypriot and Polish field samples (all
measured on the Echelle and handheld spectrometers, respectively) for this purpose.
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Figure 9. (a) PLSR (4 components) of the synthetic samples (Cu,S and CuFeS, in schist; dark blue)
applied to the Polish field samples (purple): R?y = -1.95, RMSEV = 8228 ppm; (b) PLSR (4
components) of the synthetic samples (Cu,S and CuFeS, in schist) and 22 % of the field samples
(dark blue) applied to the Polish field samples (purple): R?y = 0.79, RMSEV= 2180 ppm; all
measured on Echelle spectrometer.
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Figure 9a shows the result of the PLSR calibration of the synthetic samples of Cu,S
and CuFeS; in schist (dark blue) and the validation with the Polish field samples
(purple). The validation only achieves a coefficient of determination of R? = -1.95. Thus,
the PLSR calibration of the synthetic samples in schist is not suitable to quantitatively
predict element contents of the Polish field samples. To increase the prediction accuracy,
data from the field samples were successively added to the synthetic samples and the
calibration and validation were performed again. The best result was obtained after
adding 22 % randomly chosen field samples to the calibration model of the synthetic
samples (Figure 9b). A coefficient of determination of the validation of R? = 0.79 could be
obtained (Table 5).

Table 5. Validation results (R?, RMSE) of PLSR of the synthetic samples in schist validated with the

Polish field samples
samples validation
spectrometer components
training data validation data Rz, RMSEV
syn. samples in schist
incl. Polish field
~22 % polish field samples Echelle 4 079 21803
samples
syn. samples in schist -
incl. ~40.5 % polish field ~ TOLShAeld oy dheld 4 042 3560.4
samples
samples

Thus, this calibration method is suitable to quantitatively predict element contents
in unknown field samples. The corresponding investigations of the field samples
obtained by the handheld instrument and from the Cypriot field samples are not
successful. This could be expected because the corresponding figures of merit of
regression (Table 3) are poor but in principle similar relative trends are obtained.

In contrast to the Polish samples (c(Cu) = 0.8 - 2.4 %), the Cypriot samples
(c(Cu) =41 - 10000 ppm) possess a much lower concentration of copper. This seems to be
the reason for the weaker correlation of the data. The necessary addition of the field
samples to the training data shows that the matrix effects of the field samples influence
the calibration. Since the complex chemical composition of the field samples cannot be
represented in the synthetic samples, the addition of some field samples to the
calibration data is a reasonable way.

Figure 10 shows the evolution of the R?y of the validation data with increasing ratio
of field samples to the synthetic samples up to a ratio of about 50 %.
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Figure 10. Evolution of the R?y of the validation data with increasing proportion of randomly
chosen field samples in the training data for the Polish samples measured on the Echelle (purple).
This process was performed five times.

If this ratio increases, the coefficients of determination also increase and converge to
a plateau at almost 22 % of the field samples added to the synthetic data. In the case of
the data measured on the Echelle spectrometer, the coefficient of determination reaches a
value of R? = 0.79 at an admixture of 22 % and of R? = 0.81 at an admixture of 50 %.
Especially with regard to the application during prospecting and exploration work, the
use of a smaller field sample data set is reasonable, since a smaller part of field samples
has to be taken and analyzed in the laboratory. This can save time, resources and costs
and still achieve good results.

4. Summary and Conclusion

LIBS is a promising method for the detection and quantification of copper in
copper-bearing samples, as this technique can rapidly determine numerous elements
simultaneously in a matrix with little or no sample preparation. LIBS is compromised by
its strong matrix dependence. This requires careful calibration and the use of
multivariate methods. The handheld instrument used in this work is particularly suited
for use in the field. In addition to the mobility offered by this handheld instrument, the
simplicity of use, purging with argon, and measurements in a grid are advantageous for
field studies. In contrast, the stationary LIBS system with an Echelle-based detector
offers a higher spectral resolution and a larger excitation energy, which also allow a
more accurate view of the samples in terms of multivariate analysis of the spectra.

In the present work, two data evaluation methods are used to quantify the
copper contents in the studied ores. The first approach is a calibration using synthetic
samples in conjunction with univariate evaluation. Here, the peak areas of the copper
peaks at 324.75 nm and 327.40 nm were used for the analysis. However, due to strong
matrix effects, the obtained univariate regressions are in the most cases not suitable as
calibration functions. Exceptions are the regressions of the Cypriot field samples
measured with Echelle and handheld spectrometer. In a second approach, the
multivariate method of PLS regression, after an elimination of outliers using ROBPCA, is
used. This resulted in better calibration models. PCA was performed to estimate the
matrix effects. Applying alternative regression models to the LIBS data did not improve
predictions compared to PLSR. Finally, the predictive power of the PLSR was tested. For
this purpose, the regressions of the synthetic samples were applied to the field samples.
It turns out to be advantageous if the training data set already contains some labeled
field samples. The use of a mobile LIBS spectrometer that can be deployed in the field
can save on sampling, transportation and analysis costs when prospecting and exploring
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for new copper deposits. At the same time, the use of a high-resolution LIBS
spectrometer allows more accurate determination and monitoring of copper grades, e.g.,
during the refining and production process for high-purity copper.

In the future, this work should be supplemented by field samples from
additional copper deposits, especially with regard to other host rocks. In addition, the
samples could be expanded to include copper concentrates of different processing
stages.
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3.5 Klassifizierung kupferhaltiger Minerale mittels laserinduzierter Breakdownspektroskopie

und multivariater Datenanalyse (Manuskript 4)
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Abstract: Laser-induced breakdown spectroscopy (LIBS) analysers are becoming increasingly
common for material classification purposes. However, to achieve good classification accuracy,
mostly noncompact units are used based on their stability and reproducibility. In addition,
computational algorithms that require significant hardware resources are commonly applied.
For performing measurement campaigns in hard-to-access environments, such as mining sites,
there is a need for compact, portable, or even handheld devices capable of reaching high measurement
accuracy. The optics and hardware of small (i.e., handheld) devices are limited by space and power
consumption and require a compromise of the achievable spectral quality. As long as the size of
such a device is a major constraint, the software is the primary field for improvement. In this
study, we propose a novel combination of handheld LIBS with non-negative tensor factorisation to
investigate its classification capabilities of copper minerals. The proposed approach is based on the
extraction of source spectra for each mineral (with the use of tensor methods) and their labelling based
on the percentage contribution within the dataset. These latent spectra are then used in a regression
model for validation purposes. The application of such an approach leads to an increase in the
classification score by approximately 5% compared to that obtained using commonly used classifiers
such as support vector machines, linear discriminant analysis, and the k-nearest neighbours algorithm.

Keywords: LIBS; NTF; HALS; classification; copper minerals

1. Introduction

Laser-induced breakdown spectroscopy (LIBS) [1] is a remote sensing technique used for both
qualitative and quantitative analysis of various materials. The operational principle is to use a high
pulse energy laser to instantaneously heat the matter to evaporate a small amount of the substrate
and eject it as a plasma plume. Then, the light emitted by the plasma is dispersed and registered by
a camera. After the specified time of continuous wavelength radiation, a time window exists with
the quickly cooling plasma, whereas the individual spectral lines representing the elemental material
composition can be recorded.

The LIBS itself (apart from intensity of elements’ spectral lines) does not deliver analytically
relevant information, such as classification or quantification. For these purposes, software methods

Sensors 2020, 20, 5152; d0i:10.3390/s20185152 www.mdpi.com/journal/sensors
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must be engaged based on the input spectra and some mathematical operations to deliver the expected
measurement outcome. The algorithms used for such spectral data analysis are numerous and cover a
large area of statistics and machine learning fields of study [2,3]. Among them, the most frequently
used with LIBS are: classifiers (linear discriminant analysis (LDA) [4], support vector machines
(SVM) [5], and k-nearest neighbours (KNN) [6])); regression models (partial least squares [7], lasso [8],
and Bayesian regression [9])); clustering algorithms (k-means [10]) and artificial neural networks
(ANN)) [11].

There are numerous fields where LIBS analysers are used [12], such as basic scrap metal analysis [13],
classification of alloys [14], or mapping of geological cores [15]. Additional uses include sophisticated
applications such as adulteration detection in milk [16], discrimination of heavy-metal-contamination
in seafood [17], analysis of pathological tissues [18], or precision agriculture [19]. They are even
used with the most demanding space missions [20] and biohazard detection [21]. The size of the
LIBS equipment can vary from small handheld devices to large workstations. The size is usually
commensurate with the increase in resolution, limit of detection, repeatability, and general unit
functionality. However, the device size limits its usage in many in-situ applications where a handy
analyser is perfect. Such situations occur when the amount of equipment is limited by personal lifting
capacity or where the measurement location is extremely tight (i.e., mines and other geological sites).

In this study, we focus on the possibility of using a compact handheld LIBS to analyse the
geological samples online—on-site. The materials analysed will be copper minerals existing in a
natural state on their base substrate, so no sample preparations will be made. The outcome for the
measurements should be a mineral identification of the rocks exposed to laser radiation. However, this is
anontrivial task because the mineral samples are very heterogeneous with irregular geometrical shapes.
This heterogeneity makes it difficult for classification learners as the labels may be incorrectly assigned
or impure, leading to misclassifications between minerals. Conversely, the irregular mineral shape
becomes challenging for the optics and lasing capabilities of the handheld device, and the registered
spectra will differ significantly in intensity and spectral channel coverage. Our proposed approach
is to use a linear regression model for the classification purpose, while the regressors originate from
a blind source separation algorithm. This algorithm will be capable of distinguishing the mineral
spectra of interest from the base rock or other impurities of the analysed sample. In this case, a novel
combination of LIBS with a non-negative tensor factorisation (NTF) [22] method was applied.

The NTF is an unsupervised learning method for extracting mode-related non-negative latent
components from a multiway array (tensor). Assuming that the measured LIBS spectra from multiple
measurement points can be collected to a 3-way tensor, the aim of NTF is to extract a few artificial
(latent) spectra from each mineral in a given dataset, and then use them as predictors in a regression
model for classification purposes. The latent spectra can be regarded as common patterns in the
observed LIBS spectra and have a multilinear relationship with the spectra across each mode of the
observed tensor. Such multimodal relationships cannot be revealed with matrix factorisation models,
such as principal component analysis (PCA). Moreover, due to nonnegativity constraints, NTF yields
spectra that have a physical sense and easy interpretation, whereas PCA provides only some orthogonal
components (with negative entries) that could not be used as predictors in a regression model.

The final intent of this work is to create an analytical method that could be embedded within
handheld or other mobile LIBS devices or systems, which can be used as a support and verification
tool for geologists while prospecting for copper deposits.

2. Materials

2.1. Overview

This work is based on the analysis of 62 different copper minerals whose copper content varies
significantly. Those minerals are: azurite, malachite, brochantite, copiapite, devilline, fornacite,
langite, nakauriite, natrochalcite, osarizawaite, posnjakite, vauquelinite, arthurite, chenevixite,
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clinoclase, conichalcite, cornetite (co0), cornubite, descloizite, duftite, libethenite, mottramite,
olivenite, parnauite, pseudomalachite, richelsdorfite, tsumebite, turquoise, tyrolite, ajoite, allophane,
chrysocolla, creaseyite, dioptase, halloysite, plancheite, vesuvianite, algodonite, antimonpearceite,
bornite, bournonite, chalcopyrite, colusite, covellite, digenite, enargite, freibergite, germanite, gladite,
idaite, jaskolskiite, krupkaite, seligmannite, stannite, stromeyerite, tetrahedrite, umangite, boleite,
kinoite, cuprite, delafossite, and tenorite.

To shed light on the given classification problem and understand the general similarities of the
minerals, they were all grouped in accordance with the Strunz Classes [23] given in Table 1. The first
three characters of each mineral name (indicated with bold font in the above list) together with a
Strunz Class number constitute short names used in the remainder of this article (with one exception
for cornetite being c00-8). The exact Strunz Class assignment for each mineral is given in Table S1 in
the supplementary data.

Table 1. List of mineral classes of analysed samples (based on original Strunz Class [23]).

Mineral Class Name Class Number C

Sulfides 2
Halides
Oxides and Hydroxides
Carbonates and Nitrates
Sulfates
Phosph