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Executive Summary

The purpose of this document is to present the deliverable D4.7 – Real Time Grade Control system, as
specified in Grant Agreement, 642477, ANNEX 1 (part A), Work Package 4; consisting of a prototype
demonstrator of an analytical system for real time grade control. The system goal is to enable real time
assessment of the ore mineral composition, through direct analysis of the slurry materials.
The prototype developed is based on Laser Induced Break Down Spectroscopy (LIBS), and allows the
evaluation of the slurry composition by high-resolution spectroscopic analysis of a plasma generated by
a pulsed laser in the target sample. While the technique enables straightforward identification of pure
elements, including light elements such as Li and B, identification and quantification in the context of
complex mineral samples is quite challenging due to matrix effects and sample variability. To tackle this
challenge the prototype is being used to build a multi-dimensional LIBs spectral database that will feed
a dedicated Self-learning Artificial Intelligence software system, introducing more efficient and robust
identification and quantification methods.
In this context, the system comprises two key components, a hardware component and a software
component. The hardware component is a laser based system, suitable for plasma spectroscopy analysis
of the slurry composition, assisted by high resolution fibre optic spectrometer, including a low cost UVVis analysis system. The software component is a dedicated Firmware for implementation of a LIBS AI
system, coupled with a big Data Geological database (LIB and UV-Vis-NIR spectra) – GeoLIBs - built
with geological reference materials, pure minerals and mining samples.
A modular prototype was assembled and is in use in the lab to build the spectral database with reference
to geological samples. The system modularity will allow its incorporation in the upcoming mining trials
where different strategies of slurry analysis will be tested.
Preliminary results obtained with the VAMOS GeoLibs database curated against existing NIST and
OSCAR databases, show that the multidimensional strategy (LIBS, UV-Vis-NIR and chemical analysis),
assisted by the LIBS AI systems, is a more robust approach towards identification and quantification of
complex mineral samples, establishing solid ground for a Real time grade control system, for
autonomous mining applications.
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2 Introduction
2.1 The ¡VAMOS! Project
Estimates indicate that the value of unexploited European mineral resources at a depth of 500-1,000
meters is ca €100 billion, however, a number of physical, economic, social, environmental and human
constraints have as yet limited their exploitation. ¡VAMOS! will provide a new Safe, Clean and Low
Visibility Mining Technique and will prove its Economic Viability for extracting currently
unreachable mineral deposits, thus encouraging investment and helping to put the EU back on a level
playing field in terms of access to strategically important minerals. Deriving from successful deepsea mining techniques, the ¡VAMOS! mining solution aspires to lead to: Re-opening abandoned
mines; Extensions of opencut mines which are limited by stripping ratio, hydrological or geotechnical
problems; and opening of new mines in the EU. ¡VAMOS! will design and manufacture innovative
automated excavation equipment and environmental impact monitoring tools that will be used to
perform field tests in four mine sites across Europe with a range of rock hardness and pit morphology.
VAMOS will:
1. Develop a prototype underwater, remotely controlled, mining machine with associated launch
and recovery equipment
2. Enhance currently available underwater sensing, spatial awareness, navigational and positioning
technology
3. Provide an integrated solution for efficient Real-time Monitoring of Environmental Impact
4. Conduct field trials with the prototype equipment in abandoned and inactive mine sites with a
range of rock types and at a range of submerged depths
5. Evaluate the productivity and and cost of operation to enable mine-ability and economic
reassessment of the EU's mineral resources.
6. Maximize impact and enable the Market Up-Take of the proposed solutions by defining and
overcoming the practicalities of the concept, proving the operational feasibility and the
economic viability.
7. Contribute to the social acceptance of the new extraction technique via public demonstrations in
EU regions.

2.2 Real Time Grade Control System
2.2.1 Objectives
Specifically, this deliverable addresses the following points:
• Development of an integrated solution (hardware/software) for sample analysis and data
processing.
• Development of an analytical system comprising: the excitation pulsed laser, the gated
CCD spectrometer detection system, fibre optic connection umbilical, and sampling head
for real time slurry analysis.
• Development of proprietary software for robust calibration and data analysis procedures,
enabling real time identification and quantification of key elements and minerals of interest
in the slurry samples.
• Development of an integrated system suitable for field operation allowing real time
sampling and feeding of ore grade data for the mine mapping systems.
8

2.2.2

Approach

The Real Time Grade Control system, aims to deliver a device that can provide real time information on
the quality of the mined materials. The information collected is to be merged on the mapping system
providing enhanced perception for the mining operation.
For this purpose, a system based on LIBS was selected as the most promising option to provide a real
time grade analysis. LIBS analysis is performed by shining the sample with a high energy density laser
pulse which induces sample ablation and the formation of a plasma. The cooling of the plasma then
results in a series of emission lines that can be ascribed to the different atomic elements using suitable
spectral analysis and a gated spectrometer. LIBS requires no sample preparation and is capable of
identification and quantification of multiple elements in gaseous, liquid and solid samples. This makes
it an appealing technique for real time analysis which is already consolidated in a variety of lab and field
applications.
In the context of mining, additional challenges arise from the harsh sampling conditions, in a high
pressure turbid media and abrasive flow conditions. The use of modular laser and spectrometer system
together with advanced modulation and analysis techniques, linked by a versatile fibre optics umbilical
to a rugged sampling head, will enable operation in the harsh condition of the mining scenario.
Also, sample complexity, variability and matrix effects seriously compromise standard identification
and quantification techniques, requiring an innovative approach with AI software and a dedicated
multidimensional spectra database.
In particular, the implementation of the Real Time Grade Control system requires the development of a
modular system comprising two key components.
A hardware component consisting of LIBS Laser system:
i. A pulsed Nd:YAG laser system of high energy, for sample ablation;
ii. A system of gated CCD spectrometers for detection of atomic emission lines from the
ablated sample
iii. Delivery and collection optics and optical fibres to connect both systems and the sample
iv.
Sampling system to enable direct analysis of the slurry
A Software component consisting of dedicated firmware and AI:
i) Big Data Geological Database (LIBS spectra/uv-vis-nir spectra / chemical composition)
ii) Resolution independent LIBS analysis protocols;
iii) LIBS feature extraction and feature space;
iv) uv-vis-nir feature analysis system;
v) Firmware for LIBS AI system;
vi) Self-learning AI LIBS signal processing for mineral and element classification and
identification;
vii) Self-learning Artificial Intelligence system for the accurate quantification and identification
of molecules and elements under complex multi-scale interference.
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The integration of both the hardware and software subsystems comprises a functional real time grade
control system, suitable for ore classification on mining applications
This document provides details on the design and operation the system components, interfaces with
other subsystems and reports on preliminary results obtained with the real time grade control system.
The overview of the work plan and roadmap of this deliverable is shown below
2.2.3

Timetable

Release
month
12
24
30

Scope in deliverable
Development status
Updated status
Prototype demonstrator
Table 1: Deliverable Timetable

10

3 System Components
3.1 Real time grade control system
3.1.1

Real time grade control system description

The prototype of the real time grade control system comprises two major components:
i) a hardware component including a Laser system suitable for plasma spectroscopy of the slurry
samples;
ii) a software component including the control firmware, a knowledge spectral database
(VAMOS GEO-LIBS database) and associated AI software for signal processing and mineral
identification and quantification.
3.1.1.1 LIBS laser system description

The major function of the hardware component of the grade control system is to enable the ablation of
slurry samples, and the collection of the emission spectra of the plasma emission that follows. From this
data, information on the mineral composition of the slurry can be retrieved using the system software
component, describe in the next subsection. The main hardware components of the grade control system
are a pulsed laser and a high-resolution spectrometer, arranged as described in the high-level architecture
schematic shown in Figure 1.

Figure 1: Schematic of LIBS system high-level architecture.

The system operation can be described as follows: a local or remote command fires the laser at pre-set
parameters and the radiation is delivered, through the optomechanical components in the “LIBS head”
to the flowing slurry, generating a characteristic plasma emission. The laser shot simultaneously triggers
the CCD spectrometer to initiate signal integration. This is done with a pre-established delay (typically
around 1 to 3 microseconds), which allows us to ignore the black body radiation of the hot plasma,
acquiring only the emission of the recombining atomic lines of the cooling plasma. The acquired
spectrum is stored and compared with the GEO LIBS database spectra by the AI software that yields the
classification and quantification of the ore grade according to the established composition.
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The system uses a CFR 200 Laser form QUANTEL. It is a Nd:YAG pulsed laser system (laser head and
power supply/cooling system - Figure 2) operating at 10 ns pulses (20Hz repetition rate) with a maximum
energy of 200 mJ at an emission wavelength of 1064 nm. This laser can deliver the energy to the flowing
slurry through a “LIBS head” interface, comprised of a set of optics and opto-mechanical components,
which can be attached to a bypass of the slurry circuit.
This will enable ablation of the flowing slurry generating a plasma, the spectral features of which contain
information about its elemental composition. The LIBS head includes a compressed air flow to allow
the laser-sample interaction to occur at an air water interface, rather than in liquid media, enhancing the
optical signal collection. An extra illumination set, using white LEDS at the LIBS head tip, can be
included, in situations where the UV-VIS spectra acquisition, along with the LIBS spectra, can be used
to provide context information, allowing better management of the deleterious matrix effects on the
LIBS spectra (more details on the following sections).

Figure 2: Aspects of the main components of the LASER. Left- ICE450 power supply and cooling system; Centre – remote
operation box; Right – Laser head.

The laser system is powered and controlled by a power supply and cooling unit (ICE450). This unit can
be controlled remotely via a serial link (RS232) with dedicated commands that allow setting laser
parameters such as pulse energy and repetition rate, using a terminal emulator or a graphic user interface
(GUI). Local control can also be established by a control box with a pre-set menu for control of the Laser
parameters, and queries of the ICE450 status.
Detection of the plasma emission follows using synchronized spectrometer, connected to the LIBS head
by means of dedicated fibre optic cables (8 individual fibre cables or a 1x8 fibre bundle with a 200 m
core), and tailored collimator lenses, aligned with the laser spark.
The spectrometer has 8 channel CCD spectrometers (2048 pixels each), from AVANTES, with a spectral
range between 180-926 nm, and a resolution between 0,06 nm and 0,018 nm (Figure 6).
Synchronization between the laser emission and the spectrometer is paramount, in order to avoid plasma
background noise and to enable the averaging of multiple spectral acquisition with minimum artefacts.
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This operation is controlled via a delay generator and the control software, of the spectrometer via USB
and RS-232 interfaces.
The laser system is also equipped with an UPS (DELTA N-1K) system to ensure the laser head is always
cooled down before power off, even in the event of a sudden power failure, which could cause permanent
failure of the laser cavity.
The whole system is controlled via a PC with dedicated firmware, data storage capability and AI
software for signal analysis and sample classification. A second PC can be used to carry out remote
operation via Ethernet connection.
Further details of the system are given on the section describing the system development (section 3.1.3).
3.1.1.2 Geo LIBS software system description

While LIBS systems are already widely used, even in the mining context, the ability to extract
meaningful information from the spectra acquired in complex scenarios, namely establish mineral and
element identification and quantification, is still a critical scientific challenge, and one of the main
challenges in VAMOS. In this context, special effort was taken in VAMOS to properly address these
issues, by developing advance AI software coupled with a suitable spectra library.
The software architecture of the LIBS system is represented in Figure 3. This architecture is based on
previous developments with UV-VIS-SWNIR systems (Martins et al, 2015). The system is divided into
two parts:
i) the device firmware – manages all hardware states, LIBS spectra recording, local storage of
information, communication with server and other robot threads; and
ii) cloud based server threads for handling spectral processing and AI calculations, including storage of
the knowledgebase, pre-processing, element and minerals identification, quantification and
classification.
In complex minerals, the system can also use self-learning AI methodologies [Martins 2016]. Once the
identification, classification or quantification is performed, processed information is passed into other
threads in the server and into the device, that re-distributes the information for post-processing (e.g. 3D
element mapping, miner control), so that higher-level decisions on mining can be performed.
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Figure 3: Grade analysis system Software architecture: i) LIBS firmware; ii) cloud system: pre-processing, spectral conversion,
feature extraction, high-resolution knowledgebase database, peak matching, identification, feature space quantification and
classification.

The following critical aspects have been considered in the LIBS software system implementation:
A). Spectral resolution - element emission bands have precise wavelengths that can be predicted by
energy relationship between energy levels (e.g. Ritz equation). This makes many spectral lines
theoretically exclusive of each different element, as these have different electronic clouds. Nevertheless,
for many elements, exclusive spectral bands, are very near to that of other elements, making these look
very similar in lower resolutions. For example, Li has two spectral lines at 610.254 nm and 610.365 nm
and Ca has one at 610.272. These three bands will be convoluted into a single peak in low-resolution
spectrometers. This information can only be 'unscrambled' if the process by which the interference
between the two elements in this region of the spectra occurs, is very well known. Only by establishing
a knowledge database with the spectra of target minerals and their corresponding composition, it is
possible to establish a self-learning AI that can quantify both Li and Ca, or other interfering elements in
the presence of interference. In this context, a spectral database is being built in VAMOS, to enable the
use of lower grade spectrometers in more compact, robust and low cost systems, for field or industrial
applications.
B). Spectra databases - Two main databases are open to the scientific community: a) NIST Atomic
Spectral Lines Database (Kramida et al., 2015); and b) OSCAR (Rock et al., 2017). NIST provides an
extensive list of observed and theoretical spectral bands of the different element ions obtained by highresolution spectroscopy from NIST team and confirmed in literature (Kramida et al.,2015). It is not a
comprehensive LIBS library, i.e, it does not contain any information on the libs plasma dynamic
evolution, nor is there a knowledge database for spectra of the same element in different materials, which
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could account for different matrix effects. In spite of its limitations, NIST has the highest resolution
possible and theoretical bands can be used for element identification.
OSCAR (Delaware State University) is a restricted database of LIBS spectra obtained with a commercial
LIBS system with a resolution of 0.6nm of samples with known purity in helium or argon atmosphere
(Rock et al., 2017). As there is limited resolution, many element bands overlap. There is no information
about the purity of the sample in the database. Furthermore, there is no information about LIBS
dynamics, such as, laser pulse energy, pulse type and time-course delay. All spectra in this database are
also characterized with a residual plasma background, mixing plasma and element emission.
Therefore, the establishment of a standard method for the development of a LIBS database is paramount.
Public databases have:
i) No information about the sample composition that may allow to construct a supervised selflearning artificial intelligence for element quantification;
ii) No information on how the spectra was recorded and LIBS dynamics;
iii) Many of the bands existing in the NIST may not be observable in complex samples, due to the
complexity of the plasma-particle interactions, self-absorption, laser energy, medium of
measurement and matrix effects.
A knowledgebase (Figure 3) allows an AI system to rapidly recognize multi-scale LIBS dynamic
patterns and perform high-precision identification, classification and quantification (Martins, 2016). Due
to working with spectral patterns, these operations are not limited to a single LIBS system, but can be
used with different LIBS systems with different spectrometer detectors. In this context, the development
of the software component of the Real time grade analysis system, includes the construction of a
knowledgebase, consisting of:
i) High-resolution spectra of minerals and pure substances; and
ii) Their comprehensive chemical composition,
iii) Complementary information of UV-VIS-NIR spectra of the minerals.
C. Identification Algorithms: There are no standard peak detection and matching algorithms
specifically developed for LIBS spectroscopy. All methods are direct applications developed for Raman,
Mass and NMR spectroscopy. State of the art identification algorithms rely in similarity metrics between
sample peaks and library peaks. The most common algorithms are: absolute mean difference, 1st
derivative mean difference, least squares search, 1st derivative least squares search, Euclidean distance
search and correlation search (Kiatkowski et al., 2010). These are mostly devoted to matching pure
substances and show a high degree of failure in complex samples.
Vectorized peak matching methods such as, probability peak matching (MacLafferty, 1974), Hertz
similarity index and dot product (and variation of this method) (Baumgardner, 2011) and contrast angle
(Wan et al., 2002) have proven very effective in mass spectroscopy (MS) (Hansen et al., 2004).
Nevertheless, MS uses compound separation using a chromatographic column and therefore, it is
expected that each spectral comparison is against a pure compound. The algorithms are not prepared for
LIBS dynamics nor spectral multi-scale complexity and interference. Rank methods are also very
15

popular and effective if the ionization is highly controllable [Mylonas et al, 2009, Matsuda et al. 2013,
Benton et al., 2015]. All algorithms assume that the spectrometer has resolution to match exact peak
wavelengths of the database, which will restrain LIBS applications to pure or near pure samples, making
it not useful for field applications or industrial mining operations – VAMOS has project goals that
require quantification or qualification of minerals and elements in a real mining context.
D. Quantification and Classification: Classification and quantification is also highly dependent on
spectral resolution and interference (Martins, 2016). In most cases, the system will be operating in a very
specific mining application and context. In some of such cases, well documented chemometrics can be
used with relative success. The use of chemometrics for quantification of elements using LIBS is well
documented in the literature, using methods such as: band selection (Moros et al., 2012), PCA
(Myakalwar et al., 2011), wavelets (Pontesa et al., 2009), PLS (Sirven et al., 2006; Sirven et al., 2007)
and support vector machines (Song et al., 2017). Depending on the operational scenario, for some field
applications a calibration standard error of 10% to 20% can be enough for guiding the mining operation
into the regions of interest, and are achievable with the previous methods. When higher accuracy and
precision is necessary, self-learning methodology for complex multi-scale spectral classification and
quantification must be applied (Martins, 2016).
3.1.2

Real time grade control system in the overall design

The Real time grade control system is part of the PNAS system, providing perception data about the
composition of the mined material. The system was designed to operated either integrated in the slurry
circuit (on the LARV or on land), or as a standalone system, that can be taken to the mine sites and
perform preliminary analysis of the different ores available. Therefore, depending on the operation
mode, the system can be operated via the same control and protocol channels as the remaining sensor
systems, or can store the compositional information, locally, for later upload to the GEO Libs database.
3.1.3

Real time grade control system development

3.1.3.1 LIBs Laser system development

The laser is the core of the LIBS system. The Laser CFR 200, from QUANTEL, was selected considering
its robustness and ability to provide high energy, suitable for plasma generation even when high losses
can take place in the sampling device. The laser was first assembled in the lab (Figure 4) in a flexible
set-up in order to enable the test and optimization of the laser parameters (pulse energy and
synchronization delay), and the test of multiple spectrometers with different kinds of samples (metals
and ores). Optical fibre bundles from AVANTES and SCANSCI were used, made with silica fibres with
core diameters ranging from 200 to 600 m, depending on the characteristics of the CCD detectors.
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Figure 4: Lab setup for laser parametrization and plasma characterization

The threshold for plasma were established in air and in different materials and adjusted according to the
intended experimental conditions (e.g. for the test of metal samples and ores, only energies well below
the plasma threshold of air were tested, in order to avoid the interference of the emission spectra of the
atmospheric components, and plasma shielding effects).
An adequate LIBS spectrometer to be used in operational conditions must hold sufficient portability, but
yet enough spectral resolution and signal-to-noise ratio to enable correct band extraction for element
identification, classification and quantification. In LIBS measurements, high-resolution spectrometers
are always preferable for the analysis of complex composition samples, such as minerals. In complex
minerals, multi-scale interference occurs between elemental emission spectra, leading to a spectrum
crowded with emission bands, that greatly interfere with each other, at several scales. Detailed
information about these interactions are better recorded by high-resolution spectrometers. This assumes
higher relevance, if trace elements are to be detected. Lower resolutions provide a convoluted signal that
does not enable correct distinction of the element bands and their interaction. For the purpose of
optimization, several spectrometers were tested and compared.
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Figure 5: Different spectrometers tested in the lab setup

Figure 6: High resolution 8 channel spectrometer with fibre optic collection system.

The features of the set of different CCD spectrometers tested for plasma analysis is shown in Figure 5,
Figure 6 and Table 2. Tests were made in order to assess the influence of resolution, signal to noise ratio
and spectral range, in the efficiency of the elemental analysis process. Most of the systems tested covered
the full spectral region of interest (180-1100 nm).
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Table 2: Features of the different spectrometer systems tested. In the last row it is shown the high resolution spectrometer
acquired for the construction of the reference spectra database..

Manufacturer

Model

Optical resolution

Bandwidth

(nm)

(nm)

No. Pixels

Signal to Noise

Ocean Optics

HR4000

0.65

200-1100

3648

300:1

Ocean Optics

QE60000

0.65

200-1100

1024

1000:1

Ocean Optics

STS-vis

1.5

350-800

1024

1500:1

Sarspec

RES+

0.75

200-1100

3648

300:1

Sarspec

SPEED+

1.7

200-1100

3648

300:1

Avantes

AvaLIBS 4

0.25

200-1100

4x2048

200:1

Avantes

AvaLIBS 8

0,06-0,18

180-926

8x2048

200:1

From the tests performed the paramount importance of high resolution and excellent synchronization
timings (low jitter) was confirmed. In this regard the best performing system was from AVANTES.
Some discussion was carried out with the manufacturer leading to some customization and the
acquisition of a high resolution 8-channel system of synchronized spectrometers that is being used to
establish a spectral data base, of metals and ores of interest (spectrometer features shown in last row of
Table 2 and picture in Figure 6).
In order to establish the spectra acquisition protocols with the most adequate parametrization, the system
was tested, in different configurations, for the acquisition of spectra of a diversity of samples of metals
and ores. Some aspects of the tests performed can be observed in Figure 7 showing the plasma formation
in samples of granite and titanium, a) and c), respectively. The evolution of the plasma acquired with
different delays set between the laser and the spectrometer can be seen in b).
The different spectra acquired were then compared with existing databases enabling a preliminary
identification of different elements in each sample. Table 2 presents some of the tested materials, metals
and minerals, along with the elements identified in each sample:
i) Metal alloys: aluminum, copper, titanium and iron;
ii) Almost pure minerals: magnetite and wolframite;
iii) Complex alloys: stainless steel and tin;
iv) Complex minerals: calcite, granite and lithium minerals.
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c)

d)

Figure 7: Picture of plasm plume in samples of granite (a) and titanium (c). Dynamic evolution of plasma spectra (b). Different
samples of metals and minerals tested in the system optimization stage (d).

The spectra of the same sample acquired with different spectrometer, or spectrometer settings were
compared. Figure 8 exemplifies the effect of spectral resolution in LIBS identification of zinc and copper
in a brass metal sample. The higher resolution of the multi-spectrometer (Avantes LIBS 4) enabled the
correct identification of a higher number of bands from copper and zinc, when compared to de highresolution single spectrometer (Ocean Optics HR4000). Higher resolution allows discriminate of peaks
in tight wavelength intervals, a feature required for correct identification of local peaks when comparing
the spectra with standard libraries (e.g. NIST), allowing a decrease in false positive identifications. This
effect occurs because, when the search algorithm uses a significant wavelength slack to look for nearby
peaks in the database, different elements may have emission lines with wavelength differences lower
than the search slack interval. The higher the resolution, the lower the number of false identifications.
Therefore, both element and mineral database libraries must be established with the highest possible
spectral resolution. This database will then serve as a master reference for other lower resolution
spectrometers that may meet the specifications of particular field and industrial application scenarios,
using patented spectral conversion technology and self-learning AI (Martins et al., 2015; Martins 2016).
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Table 3: Samples tested during the optimization stage showing the elements identified

Material

Type

Main Elements

Aluminum

Metal Alloy

Al, Mg, Fe, Zn, Cr

Copper

Metal Alloy

Cu, Zn, Ni

Iron

Metal Alloy

Fe, Mg, Zn

Stainless Steel

Metal Alloy

Fe, Cr, Ni, C, P

Brass

Metal Alloy

Cu, Zn, Sn, Fe

Titanium

Metal Alloy

Ti, Al, V

Calcite

Mineral

Ca, C, O

Granite

Mineral

Si, Al, K, Ca, Fe

Magnetite

Mineral

Fe, O

Wolframite

Mineral

Fe, Mn, W

Lithium

Mineral

Li, Ca

Figure 8: Resolution effect in the identification of elements in a brass metallic sample: (a) Zinc identification with HR4000; (b)
Zinc identification with Avantes LIBS 4; (c) Copper identification with HR4000; and (d) Copper identification with Avantes
LIBS 4. The green line spectra correspond to the reference spectra of OSCAR database. Dark line spectra correspond to the
signals acquired with the spectrometers under test.

Tests were also carried out to evaluate the influence of water in the plasma generation and signal
acquisition. It is well know that water quenches a lot of the laser energy, which is absorbed and wasted
in the generation of a supersonic gas bubble resulting from the expanding vaporized water and ablated
material. In addition, the plasma atomic emission is also highly quenched and refracted by the aqueous
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media. Depending on the operational conditions, this can be solved either by dual or multiple pulsed
lasers, or by artificially creating an air/sample interface by injecting compressed gas at the ablation point.
For most situations, not involving depth operation, the second solution is the most straight forward to
implement both technically and in terms of system cost. To validate this technique, tests were made with
submerged mineral samples where the spectra were acquired with the laser being shot through the water
barrier, or alternatively, having a compressed air jet blown directly at the laser sample interaction point.
In the latter alternative the compressed air pushed the water away from the sample surface, enabling the
laser/sample interaction to take place in air.
As it can be seen in Figure 9, in the presence of the water layer, a strong quenching of the plasma
emission was observed resulting in very weak signals acquired by the spectrometers. On the other hand,
the compressed air jet approach resulted in a much stronger plasma plume and stronger and more detailed
spectral signals detected. This solution was therefore incorporated in the design of the system.

Figure 9: Spectra acquired with rock sample underwater (left pic and red spectra) and with water blown away by compressed air
(right pic and blue spectra).

Following these preliminary tests, system optimal parametrization was established and incorporated in
the design of a modular system. Tailored system parts were designed and validated with 3D printed
prototype to implement a compact and robust laser delivery and plasma signal collection.
Different aspects of the prototype design can be observed in the pictures of Figure 10 and Fout!
Verwijzingsbron niet gevonden..
The laser system is coupled to a metallic framework, and attached to a caged system (from Thorlabs)
framework that contains the laser beam delivery optics, mirrors, a focusing lens and a protective sapphire
window. Tailored parts were fabricated and coupled around the cage system, enabling the easy alignment
of the collecting fibre optics, and LED illumination of the sample area, enabling UV-VIS spectra
collection when extra context information is required.
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Figure 10: Aspects of the LIBS probe showing details of the 8x fibre probe collimators, focusing optics and LED illumination.

23

Nd:YAG Laser

8x fibreBundle
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Laser Remote
control

Power Supply
Cooler
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Figure 11: Different perspectives of the LIBS laser system prototype in the Lab

The modular nature of the system allows rearranging its parts to comply with specific operational
requirements. This way, depending on the practical situation at hand, the system can be conditioned for
use as a standalone tool to analyse samples at the mine site, or coupled to different parts of the slurry
circuit, using a bypass system.

Figure 12: Different aspects of a possible embodiment of an enclosure system for a stand-alone configuration of the LIBS
prototype
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Figure 12 shows a possible embodiment of an enclosure of the LIBS prototype rendering it transportable
and suitable for stand-alone use in sample analysis at the mine sites. The system includes a metallic
framework for system enclosure and protective cap for the LIBS probe. Other configuration can be
obtained by very simple rearrangement of the system parts, and re-orientation of the LIBS probe by
manipulation of the cage system with the delivery and collecting optics.
Results obtained with the system are shown in the next section where the building of the GEO-LIBS
database and analysis software are described.
3.1.3.2 Geo LIBs software system development

LIBS Databases
In traditional LIBS spectroscopy analysis, accurate recording of the atomic emission lines is of
fundamental importance for LIBS data processing. Two main reference databases are open to the
scientific community: a) NIST Atomic Spectral Lines Database (Kramida et al., 2015); and b) OSCAR
(Rock et al., 2017). NIST provides an extensive list of observed and theoretical spectral bands of the
different elements and ions obtained by high-resolution spectroscopy from NIST team and confirmed in
literature by different research teams (Kramida et al.,2015).
NIST is the largest compilation of element transition lines recorded by experimental observations and
theoretical atomic models. In the context of LIBS, the NIST database is considered to be error free
regarding emission bands and elements peak identification, wavelength accuracy and ionization level.
However, NIST is not a LIBS emission spectra database. NIST has: i) Emission bands of elements at
different ionization levels at infinite (theoretical) spectral resolution; ii) relative intensity index; iii)
transition probabilities; iv) transition information and corresponding energy.
Emission intensity is based in cited publications, and should be considered only as qualitative.
Furthermore, electronic transition probabilities are strongly dependent on plasma dynamics, which
evolves differently between different types of samples and experimental conditions (Cousin et al, 2011).
LIBS processing has been mostly restricted to spectral lines identification. Nevertheless, the LIBS signal
is a dynamically structured multi-scale information signal, containing information about the laser
ablation, plasma dynamics and element emission lines and their interference. This information rich
signal, can only be explored in detail if a large, big-data, spectral LIBS database with a significant
number of samples and experimental conditions is created, so that, advanced spectral processing and
artificial intelligence is used to explore the data.
In this reasoning, different research groups began their own databases. OSCAR is a restricted database
of LIBS spectra obtained with a commercial LIBS system (0.6nm resolution) from samples with known
purity in helium or argon atmospheres (Rock et al., 2017). As there is limited resolution, many element
bands overlap. There is no information about the purity of the sample in the database. Furthermore, there
is no information about LIBS dynamics, such as, laser source power, pulse type and triggering delays.
All spectra in this database are also showing some remaining plasma background, overlapped with
element emission.
From the analysis of the OSCAR database, we identified key particularities that are necessary to
implement in order to achieve a functional LIBS database that enables both identification and
quantification:
I)
II)
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Information about the laser energy and pulse function;
Information about pressure, atmosphere and temperature;

IV)
Plasma dynamical information – at least the delay between laser ablation and
measurement;
V)
Spectral resolution as function of wavelength.
We found no standardized method for database curation other than the peak matching against NIST
(Creemers, 2006 ,Cousin et al, 2011). The curation of LIBS databases has been proposed as follows:
A). Pure targets: in these samples there is no doubt about what lines are to be identified. However, in
some elements, spectral lines are very close to each other, and it becomes difficult to determine which
lines are correctly identified. Cousin et al (2011) recommend: I) choosing the lowest ionization level
possible; ii) consider relative intensities above a significant threshold; and iii) consider lines with high
transition probabilities.
B. Non-pure targets: I) choose the major constituents; ii) choose from these only the major intensity
lines; and afterwards proceed as for pure targets.
Peak fitting can be used to overcome spectral resolution. Cousin et al (2011) used Lorentzian function
fitting for extracting spectral lines in convoluted regions of interest of the spectra. Thereafter, spectral
lines are compared with NIST within an established variance interval σ =1.2×FWHM of the extracted
peaks at the region of interest (ROI), being an approach very similar to mass spectroscopy chromatogram
peak extraction (Smith et al., 2006; Du et al., 2006; Tantentauhahn et al, 2008; Treviňo et al. 2015;
Mathiew et al., 2016).
The established method has some important consequences: i) high intensity bands are usually used to
identify the elements; and ii) effective curation is usually obtained by high-resolution spectrometers
(FWHM ~ 0.06 nm).
In real-world LIBS applications, spectral resolution is limited by: i) spectrometer optics, slits and
gratings – where most advanced LIBS systems are limited to ~0.06nm of resolution (e.g. Avantes 2017);
ii) peak broadening due to Stark (pressure) and Doppler (temperature) effects (Gournewkin et al, 1999;
Lide 1990; Lide et al., 1991; Argo et al. 2004, Creemers, 2006; Knight et al. 2000, Valson 2004.). The
line broadening is dynamic, as the plasma expands and cools down, the plasma lines depends on
components and electron availability for transitions. Lines near the ground state suffer higher broadening
effects than transitions at higher level energies [30,37,38]; iii) line intensity due to plasma thermal
dynamics – the increase in electron density in plasmas, also responsible for peak broadening, implies a
signal increase of the element bands [10,34,40,41], and therefore, the laser energy after ablation, must
be used to form plasma, otherwise non-optimal element emission is obtained; iv) plasma-shielding –
when the laser energy is absorbed by the plasma and not used for ablation and ionization, leading to
weaker emission signals.
The physical phenomena occurring during a LIBS measurement is highly complex. The ablation process
and the resulting emission is affected by many parameters such as absorption, plasma dynamics with
temperature and pressure, as well as, how electrons interact inside the plasma in order to be re-distributed
by the ionized elements once the thermal equilibrium is reached. Some challenges result from this
behaviour with respect to accurate spectral analysis:
I)
High number of spectral lines with wide range of intensities;
II)
Spectral lines broadening and interference;
III)
Band interference and superposition in complex samples;
IV)
Complex distribution of energies that affect lines intensities due to the ion composition
and their states during plasma formation.
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Figure 13 illustrates how LIBS spectral information has complex variability and multi-scale interference.
Figure 13a describes the effect of spectral resolution. NIST considers that element bands are observed
by near infinite resolution instrumentation (theoretical values). In such a case, each element always has
unique emission lines due to unique atomic structure. However, spectroscopy instrumentation is limited
by optical components, such as, slit, grating and pixel size. Even state-of-the-art high-resolution
spectrometers do not allow resolutions much better than 0.06nm. Even at this resolution, many emission
lines of different elements or elements with abundantly close spectral lines (e.g. Iron) have significant
interference, and therefore, each element can only be identified by their unique exclusive peaks.

Figure 13: Factors influencing LIBS emission lines analysis: (a) spectral resolution and identification interference with increasing
mutual information between elements; (b) increasing interference due to sample compositional complexity; (c) peak broadening
due to plasma pressure and temperature; (d) peak intensities as relative to plasma dynamics of different laser energies and
sample composition.

We can use the principles of information theory to provide a mathematical description of LIBS
identification, for a given context of interference at a spectral resolution. A spectral line can be used to
identify an element, if the probability of being observed in any other element is zero. The lower the
probability of finding the same spectral line on any element, the more information it carries:
𝑰𝒊 = −𝒍𝒐𝒈𝟐 𝑷𝒊

(1)

Where Ii is the Shannon information carried by a spectral line, and Pi is the spectral line probability of
being part of the emission spectra of a particular element. One expects that, for a given matrix
composition context, any element has unique spectral lines from which it can be correctly identified. We
can further introduce the concept of Shannon's entropy (H(x)), as a measure of spectral information
randomness of any element:

H x  =  pxi log2  pxi 

(2)

that is, the lower the entropy, the more informative (or 'unique') the spectral lines for a given element. If
one extracts only the unique spectral lines, H(x) → 0. In this case, the identification of a given element
is certain. As spectral line interference is context based, we can further extend the concept of mutual
information (I(x,y)) between elements x and y:
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I( x, y)= H (x)+H ( y)− H (x, y)

(3)

where:
n

m

H (x , y )= − ∑ i= 1 ∑ j= 1 p(x i , y i )log 2 [ p( xi , y i)/ p(x i ) p( y i )]

(4)

where H(x,y) is the estimated exclusive entropy of x and y. As I(x,y) ≥ 0, this is a direct measure of
interference. Higher mutual information values mean more interference between element spectral lines.
Figure 13c exemplifies how sample complexity decreases the uniqueness of information for a given
element. The number of unique spectral bands for each element decreases significantly as the number of
elements in sample composition are present. Theoretically, identification using spectral lines can be
compromised once unique bands cease to exist. However, identification of a given element is feasible
as long the conditional entropy H(x|yi) > 0.
In nature, and due to the thermodynamic characteristics of feasible chemical bonds, mineral composition
is limited to a relative low number of elements, and when using high-resolution LIBS systems iis
unlikely in any case that H(x|yi) = 0.
This situation is most likely to occur in low-resolution LIBS systems. This thermodynamic limitation
can be exploited for identification of elements. The amount of information between 3 elements, or
interaction information between x, y and z (I(x,y,z)) is given by;
𝐼(𝑥, 𝑦, 𝑧) = 𝐼(𝑥, 𝑦) − 𝐼(x,y|z)

(5)

which can be positive or negative. In the positive case, all elements share spectral lines and common
interference fingerprints that can be used to identify a particular mineral. When negative, it means that
two of the three elements do not have common spectral lines. Elements can be identified by their unique
emission lines. Minerals can be identified by their unique elements and interaction information.
Emission line identification is limited to high-resolution LIBS systems, that are mostly suited for
operating in laboratory conditions (FWHM ~ 0.06nm). Most miniaturized spectrometers have FWHM
resolutions between 0.5 and 1.5 nm, which makes it difficult to isolate spectral lines, and consequently
use the spectral lines method in element and mineral identification. To solve this technical difficulty, we
are developing a resolution independent LIBS system, so that miniaturized LIBS systems can cope with
spectral complexity and multi-scale band interference.
GEOLIBS Database ( LIBS/uv-vis-swnir spectra, chemical composition)
The VAMOS LIBS system comprises the laser ablation/plasma system complemented with uv-vis-swnir
reflectance spectroscopy. The uv-vis-swnir information can be used to build a mineral pattern
recognition database, as well as, assisting low-resolution LIBS system in element identification and
quantification. As uv-vis-swnir is non-destructive, it is used for surveying and managing the laser energy
and pulse functions for optimized LIBS signals on the different samples. Moreover, in many cases of
low-resolution LIBS, the uv-vis-swnir information assists the mineral classification and quantification
(see results section). In this sense, low-cost uv-vis-swnir can be used on large-scale surveys, and LIBS
only when regions of interest (ROI) are found and deserve a LIBS analysis. Significant savings are
achieved with this technology in terms of hardware complexity, cost and efficiency.
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The VAMOS geological database is being developed in conjunction with the University of Porto
Geology department, comprising: i) near pure samples of elements; ii) geological standards; iii)
worldwide pure and characterized minerals; iv) minerals from selected mining sites; and v) minerals
obtained during prospecting. Table 4: Samples from GeoLIBS database used in this reportTable 4 presents
part of the geological samples that were used in this process, showing the origin, the mineral and the
chemical formulae. As an example, Figure 20 presents Lithium minerals from the database that were
used to present the Lithium identification and quantification demonstrations.
The data is stored in a relational database with the structure presented in Figure 14. The database uses
the SampleID as the key code that relates most information about the samples, being the information
organized into the following tables:
i)
ii)
iii)
iv)

Sample documentation, such as, origin, morphology, type of mineral, chemical formulae;
Mineral composition table (literature, XRF, or from analytical lab);
Element composition table;
LIBS spectra; and v) uv-vis-swnir spectra. We also store all the operational conditions that
were used to record the spectra of any sample.

Figure 14: GeoLIBS Database consensus curation process: 1st - curing against NIST each one of the different databases, 2nd obtaining consensus between identified lines between the three databases at a region of interest, and 3rd - cured emission lines
are stored.

Figure 15: GeoLIBS Database structure: sample description table, mineral composition, element presence and stoichiometry,
element experimental concentration, XRF estimated composition, LIBS high-resolution spectra and uv-vis-swnir spectra.

The validation of observed spectral lines for each sample is performed by the consensus methodology
presented in Figure 14.
1st Step – Extracting Spectral Lines and Matching against NIST
In the first step, we repeat the same methodology suggested by Creemers (2006) and Cousin et al. (2011),
described above, in the beginning of this section.
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In the second step, we select a region of interest (ROI) of wavelengths containing a restricted number of
identified NIST wavelengths, where:
A. Pure targets: for a given element the spectral bands must agree in:
i) Same NIST wavelengths; and
ii) Correlated peak intensities.
B. Non-pure targets: from the known major constituents, ROI spectral bands must agree with pure
elements in:
i) Same NIST wavelengths; and
ii) Correlated peak intensities.
Elements present in low concentrations are cured against analytical chemistry results, following the same
procedures.
All element bands are thereafter cured for context-based uniqueness and interference, so that elements
can be identified as presented in the previous section.
Resolution independent LIBS systems
Resolution independence is paramount for the development of effective miniaturized LIBS systems
using today's spectroscopy technology. High-resolution spectroscopy systems are not cost-effective and
are mostly engineered for laboratory conditions. These need special conditions to operate, such as,
mechanical stability, temperature, humidity and laboratory sterile conditions with no contaminant
particles.
LIBS field applications need to operate in much more difficult conditions. They must have low energy
consumption, small size and weight, and low cost. Rugged/low-cost spectrometer systems can range
from 1024 px (FWHM from 1.0 to 1.5 nm), 2048 px (FWHM > 0.66nm) and 3648 px (FWHM > 0.45
nm). Today's miniaturized systems have 8 to 16 times less resolution than then the laboratory LIBS
systems. These cannot solely operate on the basis of identification of spectral emission lines. The
information is highly convoluted with respects to effects on the slit, grating and pixel size. The
knowledge on how to convolute a higher resolution LIBS spectra into lower resolutions is demonstrated
in Figure 21. At lower resolution we have to cope with high-interference, and cannot relate directly with
emission lines from NIST or high-resolution databases.
We developed a new approach based on Martins (2016) that makes use of feature space transformations
to assist a self-learning artificial intelligence that is capable of dealing with multi-scale interference for
classification and quantification of complex compositional samples (see Figure 16). The method makes
use of:
I)
II)
III)

features extracted from the LIBS spectra, such as baselines and silhouette;
uv-vis-swnir spectral information to provide further spectral information on the
characteristics of samples; and
corrected low-resolution LIBS spectra.

Each sample is located in a multi-scale and multi-dimensional feature space that is consistent with the
different concentration of elements in the LIBS spectra and their interference at a given resolution
(Figure 16). From this inference, we make use of neighbouring samples to correctly deconvolute the
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recorded spectra and re-construct the spectra in high-resolution and make use of the original LIBS
database.

Figure 16: Self-learning artificial intelligence for resolution independent LIBS system

These relationships can be constructed automatically by self-learning algorithms (Martins 2016; Martins
et al., 2014), not being necessary to set a database for the different resolutions, as the information is
digitally converted. Furthermore, the AI system is autonomous and builds its own knowledgebase for
any given resolution, so that identification, classification and quantification become resolution
independent.
UV-VIS-SWNIR system
Uv-vis-swnir spectroscopy is widely used for estimating soil geological composition, being used in one
of the most important worldwide soil composition databases (Rossel et al., 2016). Uv-vis-swnir
spectroscopy has been extensively used by the team for developing high-end applications in
biotechnology, agriculture and clinical diagnostics in human and animal healhcare.
VAMOS LIBS probe (Figure 10) is also equipped with LED illumination to obtain uv-vis-swnir
reflectance spectra of geological samples. Figure 19 shows the principal components analysis of uv-visswnir spectra from samples in Table 4. Results clearly demonstrate that the uv-vis-swnir is capable of
classification of the database minerals very consistently, forming groups such as, feldspar, lithium, beryl,
sodium and iron minerals. Consistent classifications allow to:
I. Develop minimal classification models – for sample group recognition without the use of
LIBS;
II. Develop element identification models – to assist low-resolution LIBS systems or to
implement an ultra-low cost geological survey system;
III. Use the information for control of the LIBS system: a) develop a chemical imaging system
for defining regions of interest where the LIBS system should be used for high-precision mineral
and element identification; b) train a self-learning artificial intelligence system for optimal LIBS
operation: laser intensity, pulse function and rasterization.
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LIBS Firmware
The LIBS firmware was developed using an open-source Linux operating system, composed of the
following units:
I. Linux embedded operating system
II. Internal database system for local data storage and providing a communication buffer for
sending and receiving information from cloud servers;
III. Artificial intelligence system for managing uv-vis-swnir and LIBS operational conditions;
IV. Internet Cloud communication – sending raw data for cloud storage and processing;
V. Control software for laser, LED and spectrometer;
3.1.4

Real time grade control system testing

LIBS Database
Figure 17 and Figure 18 show wolframite mineral from Bejanca mine and lithium ore from Gelfa beach,
respectively, both located in Portugal, and presented in Table 4. VAMOS geological database is being
developed in cooperation with the Geology Department of University of Porto, that has a vast worldwide
geological collection. In our first survey, we gave importance to pure and characterized minerals, as well
as minerals that will be found in the mines of VAMOS test sites. Therefore, Table 4 subset presents
minerals such as: wolframite from Bejanca mine, feldspar that can be found in many ores, beryl, lithium,
tin, phosphorous, antimony, tungsten, boron, potassium and sodium (Table 4).
For each sample compositional data is available the literature (Anthony et al.,), analytical chemistry
measurements and x-ray fluorescence compositional estimate. Other important geological information
is also stored, such as: i) sample morphology; ii) microscopy structure; and iii) geo-referenced sample
location.
Associated to each sample, we store the corresponding uv-vis-swnir and LIBS spectra.
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Figure 17: Wolframite sample from Bejanca mines: (a) wolframite ore sample; (b) wolframite LIBS spectra with correspondent
iron and tungsten identification; and (c) quartz with correspondent silicon and iron identifications.

Figure 18: Lithium ore sample from Gelfa beach: (a) lithium ore sample; (b) lithium vein LIBS spectra with corresponding
identification of silicon and lithium; and (c) quartz with identification of silicon.
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UV-VIS-SWNIR classification
Figure 19 presents the uv-vis-swnir reflectance/backscattering spectra of samples in Table 4. Results
show that mineral classification is feasible and highly stable, as presented in the principal component
analysis of the original, first second derivative of the spectra presented in Figure 19. The uv-vis-swnir is
capable of establishing stable and consistent clusters with mineral main element composition, such as:
i) lithium minerals (samples 4, 10, 31; and samples 7, 11, 12, 16, 14); ii) feldspar minerals (samples 1,
2 and 15); iii) beryl minerals (3 and 13); and Iron minerals (5 and 33).
A first estimation of the elements present in any sample can be obtained by uv-vis-swnir. In this sense,
the uv-vis-swnir spectroscopy allows: i) determination of the types of minerals and groups by their uvvis-swnir fingerprint; ii) use of this information to infer the concentration of major constituents
(minerals’ molecular and element contents); and iii) management of the LIBS laser system by correcting
to the optimal laser ablation and plasma emission for each type of sample.
Furthermore, the uv-vis-swnir technology is very inexpensive. Such an approach allows the use of this
technology in large-scale geological surveys, such as, creating geological composition imaging (similar
to Martins et al. 2010).

Figure 19: Uv-vis-swnir geological samples classification by principal component analysis from the: original spectra, first and
second derivatives.

LIBS Mineral and Element Identification and quantification
LIBS mineral and element identification is presented with two case studies of real mine ore: i) wolframite
from Bejanca mine (Vouzela-Viseu, Portugal); ii) lithium from Gelfa (Gelfa, Portugal). Figure 17
presents the typical wolframite containing ore from Bejanca mine. The wolframite mineral (black) is
enclosed in quartz. Wolframite is composed by iron and tungsten. Exclusive peaks from Iron and
Tungsten are located between 200 and 400nm. Both elements have significant spectral lines in these
wavelengths, and therefore a high-resolution spectrometer is necessary to resolve and identify them (see
Figure 17b). Figure 17c), presents the LIBS spectra of quartz surrounding the wolframite. Quartz is
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mostly silicon, but it shows some iron content. No tungsten was found in the quartz mineral. Both quartz
and wolframite exhibit significantly different spectra fingerprints, which makes them very easy to
classify and discriminate using LIBS spectroscopy.
Figure 18a presents the LIBS characterization of the lithium ore from Gelfa-Portugal. In this case study,
the lithium vein is surrounded by quartz. The LIBS spectra of the lithium vein exhibits an extremely
high emission at the lithium band 610.20 nm (Figure 18a). The same peak exists in the surrounding quartz,
but with much less intensity. LIBS successfully identifies the presence of Lithium in the lithium vein,
discriminating between the vein and the surrounding quartz (were Li presence is due to trace fluid
inclusions).
LIBS lithium quantification was performed by using samples shown in Figure 20, leaving out for blind
testing the Gelfa ore. As a first approach, proportionality between lithium spectral lines intensity and
lithium concentration was studied. Only the 610.20 nm proved to hold a statistically relevant relationship
to lithium concentration. Results show high-variance in the calibration model, being unable to correctly
predict lower lithium concentrations (e.g. sample 13 has only 1.66% of Li, but model predicts 3%).
Using the full spectral interference may increase the accuracy. A multivariate partial least squares model
was developed to analyze the same test samples. Although bias and variance are reduced, the PLS model
still over estimates low concentration lithium minerals. Results show that LIBS spectral line intensities
correspondence to element concentration is a highly non-linear and multi-scale phenomena, because
linear models are not able to provide analytical quality bias vs variance quantifications in LIBS
spectroscopy.

Figure 20: Lithium minerals used for the quantification study using LIBS and Uv-vis-swnir

The feasibility of lithium quantification at lower spectral resolutions was further investigated. Figure 21
presents the convolution and pixel reduction of the original sample 4 LIBS spectra, to simulate single
detector commercial spectroscopy systems: I) Ocean Optics HR4000 (3648px); ii) Ocean Optics
HR2000 (2048px); and iii) Ocean Optics STS (1024px). It is clearly visible how the information about
spectral lines is lost, as resolution decreases. For example, the lithium spectral line at 610.20nm
gradually decreases its intensity. This is because, it is an isolated spectral line of the Li spectra, with no
neighboring lines, as the energy is now absorbed and diffracted along larger pixels. Nevertheless, the
decrease is systematic and may contain information for lithium quantification. Results for quantification
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of lithium in low-resolution is shown in Table 5. Despite the decrease in resolution, quantification is
feasible in the training set.

Figure 21: Pixel reduction and convolution of LIBS spectra from sample 4 to simulate different spectrometer detectors
commercially available.

Blind testing of the quantifications with the Gelfa ore, gives clear evidence that linear models obtained
with the line intensity at 620nm and multivariate PLS model under estimate the lithium content in the
vein, and highly over-estimate it in the surrounding quartz (see Table 5 and Figure 22). Our self-learning
artificial intelligence method (Martins, 2006), was able to correctly estimate the amount of lithium in
quartz both at high-resolution, and at low-resolution, showing it to be below the limit of quantification.
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Figure 22: Lithium quantification: (a) calibration against the intensity at 610.20nm; (b) PLS calibration model; and (c) selflearning AI quantification

These are very significant results. Not only is LIBS able to quantify lithium in a blind test, but it allows
determination of lithium in low quantities. This is of enormous geological importance, as the presence
of lithium in quartz is due to liquid entrapment (fluid inclusions). Liquid entrapment in quartz crystals
are of major importance during prospecting, as they indiciate the existence of veins of the pure mineral.
LIBS feature extraction – classification and quantification
LIBS feature extraction is fundamental for identification, classification and quantification. Peak
extraction and fitting, as well as, deconvolution is the most common operations for element identification
from spectra. Feature extraction and feature space transformations is a vast discipline in pattern
recognition. Here in, we explore directly two extracted features from LIBS: I) signal baseline; and ii)
signal silhouette.
LIBS baseline is the minimum contour baseline of the spectra. Figure 23a shows the original spectra,
and Figure 23b the corresponding baseline. Results show significant variation in the baseline spectra.
When the baseline signal is tested with the self-learning AI methodology, a very significant correlation
with lithium concentration is observed (Figure 24a). To further expand this analysis, we extended it to
the quantification of the main elements of Table 4 minerals: aluminum, silicon, iron and sodium, solely
using the baseline and silhouette information. Results are presented in Table 6, and global prediction
graph in Figure 25a. The presence of quantitative information in this feature is of major importance of
high-performance LIBS systems and the development of reliable low-resolution LIBS systems. The
baseline holds information about the major constituents of samples.
LIBS silhouette is the continuous contour of maximums extracted from the LIBS spectra.
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Table 7 presents the obtained quantifications using this feature, where the global results are presented in
Figure 25b. The LIBS silhouette is a low detail presentation of the major constituents of a given sample,
containing also information about their concentration. Results also show that is feasible to quantify major
constituents above 5% w/w using silhouette and baseline alone.
(a)

(b)

(c)

(d)

Figure 23: Spectra of lithium minerals: (a) LIBS emission lines; (b) LIBS baseline; (c) LIBS Silhouette; and (d) uv-vis-swnir
spectra.

Uv-vis-swnir mineral and element quantification
To further investigate the potential of uv-vis-swnir in geology, we applied the state-of-the-art selflearning artificial intelligence (Martins, 2016) to try to quantify element composition. Table 8 shows the
prediction results of mineral composition of samples in Table 4 estimated by uv-vis-swnir spectroscopy
for aluminium, silicon, lithium, iron and sodium.
Figure 24c shows the lithium quantification in lithium minerals. A very good agreement is obtained by
the uv-vis-swnir information and lithium content. Such was expected, as lithium minerals already
consistently classified in the same cluster. Similar results were obtained for other elements. Figure 25
resumes all predictions presented in Table 8. The uv-vis-swnir shows an excellent correlation with the
major element constituents. We can conclude that the information about constituents present in
concentrations higher than 5% weight, can be quantified by uv-vis-swnir spectroscopy. This limit of
quantification is in most cases sufficient for geological surveys and managing mining operations. In this
reasoning, uv-vis-swnir can potentially be used as a cheap, cost-effective technology for both
classification and quantification of minerals, being effective for large-scale geological surveys, by
defining regions of interest (ROI) where the LIBS can be used for more detailed element information.
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Figure 24: Self-learning lithium quantification using: (a) baseline; (b) silhouette; (c) uv-vis-swnir.

Figure 25: Self-learning quantification of Al,Si, Li, Fe and Na using: (a) baseline; (b) silhouette; (c) uv-vis-swnir

3.1.5 Real time grade control system integration and commissioning
The Real time grade control system was designed to be operated either integrated in the slurry circuit
(on the LARV or on land), or as a stand-alone system, that can be taken to the mine sites and perform
preliminary analysis of the different ores available.
A possible location of the system is at the Slurry admission point in the LARV, as shown in Figure 26,
where the details of a bypass positioning and configuration are given.
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Figure 26: Aspects of the integration of the LIBS system on the LARV. a) proposed location on the LARV, b) detail of LIBS
system location B, near the slurry pipe outlet and by pass A. c and d) details of the slurry outlet and by pass for the Libs system.
e) picture of slurry outlet and by pass at DAMEN

The modularity of the LIBS probe and overall system can be explored in different arrangements and adapted to
the specific mining situation. Depending on the operational conditions, the system can be set either at the LARV
or on land, at the slurry discharge points, or near the control cabinet for discrete sample analysis.
The different possibilities will be explored in the testing sites where the evaluation of “real life” operational
conditions will provide guidelines for the system with respect to further optimization and automation.
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3.1.6

Real time grade control system evaluation

The system was thoroughly evaluated in the Lab, using reference samples for the database which was then
validated against blind samples from selected mine sites. The process evaluation is still ongoing as the continuous
process of the GEO Libs database construction takes place.
Furthermore, the tests under operational conditions at the test sites shall provide further information on the best
system configuration and operational conditions, as well as on the use, format and display of the collected data.

3.2 Conclusions
A modular LIBs system was assembled and coupled with an advanced AI software and database system, with
capabilities for real time grade analysis of complex mineral samples during mining operation. The system was
tested with training sets and validated against blind samples from selected mining sites, including Bejanca mine.
Preliminary results show that the multi-dimensional strategy (exploring simultaneously data on single peaks,
spectral contour, base-line and UV-vis information amongst others) is a more efficient tool for both the
identification and quantification of elements in complex mineral samples, than what has previously been reported
in the literature.
Upcoming trials at test sites will provide further insights on the system performance providing further guidelines
for improvements in operation and automation.
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5 Annex 1 – Data from component lab/workshop tests
Table 4: Samples from GeoLIBS database used in this report
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Sample
Number

Origin

Mineral

Chemical Formula

1

NA

Feldspar

KAlSi3O8

2

NA

Feldspar

KAlSi3O8

3

Assunção

Beryl Mineral

Be3Al2Si6O18

4

Parelhas

Spodumene

LiAlSi2O6

5

Paredes

Tourmaline

NaFe2+2Al6(BO3)3Si6O18(OH)4

6

Panasq

Volframite

Fe2+WO4

7

Romano

Petalite

LiAlSi4O10

8

Alto Torre

Cassiterite

SnO2

9

Lagoa Negra

Estibina

Sb2S3

10

Queiriga

Petalite

LiAlSi4O10

11

Bajoca

Petalite

LiAlSi4O10

12

Gonçalo

Lepidolite

K(Li,Al)3(Si,Al)4O10(F,OH)2

13

Quintos

Morganite

Be3Al2Si6O18

14

Fermoselle

Elbaite

Na(Li,Al)3Al6(BO3)3Si6O18(OH)4

15

Sta Comba

Ortoclase

KAlSi3O8

16

California

Spodumene

LiAlSi2O6

17

Neves-Corvo

Calcopirite

CuFeS2

18

Panasqueira

Arsenopirite

AsFeS2

19

Am 2

Feldspar

KAlSi3O8

20

Queiriga

Apatite

Ca5(PO4)3(OH,F,Cl)

21

NA

Arsenopirite

AsFeS2

22

Feli

Cassiterite

SnO2

23

Assunção

Berilo

Be3Al2Si6O18

24

Feli

Cassiterite

SnO2

25

Assunção

Columbite

(Fe2+,Mn2+)(Nb, Ta)2O6

26

Lousas

Montmorilonite

(Na;Ca)0:3(Al;Mg)2Si4O10(OH)2 ²nH2O

27

Gonçalo

Montebrasite

LiAl(PO4)(OH, F)

28

Mesquitela

Litiofilite

Li(Mn2+, Fe2+)PO4

29

Alto Torre

Petalite

LiAlSi4O10

30

Quintos

Montebrasite

LiAl(PO4)(OH, F)

31

Quintos

Litiophilite

Li(Mn2+, Fe2+)PO4

33

Bejanca

Volframite

Fe2+WO4

Table 5: Lithium compositional prediction from LIBS spectra, according to different processing methods: direct calibration from
the intensity of the 610.20nm peak, Partial Least Squares and Self-Learning Artificial Intelligence method for high and low
resolution acquisition.

Processing method
SampleID

Li (%)

Intensity
(610.20 nm)

PLS

Self-Learning AI Self-Learning AI
(1024px, slit=0.1um) (+)

4

7.79(1)

6.69

5.40

6.42

6.27

7

4.45(1)

3.40

5.97

4.76

5.53

10

4.45(1)

6.00

4.77

5.77

4.79

11

4.45

(1)

6.57

6.60

4.81

5.01

13

1.66(1)

3.00

2.35

1.38

1.33

16

7.79(1)

8.72

7.64

7.07

6.48

31

9.11

(1)

8.95

8.93

9.45

9.55

Gelfa *

7.50(2)

8.48

8.32

5.67

6.12

na

3.03

3.2

0.69

Not Detected

(Lithium vein)

Gelfa *
(Outside
Lithium vein)

(1) From Anthony JW. 1990
(2) From Charoy et al. 1992
(+) LIBS signal obtained by pixel reduction and convolution
* Blind Tested

Table 6: Compositional prediction of Al, Si, Li, Fe and Na using LIBS continuous baseline – from plasma emission and SelfLearning Artificial Intelligence method (compositional data obtained from Anthony 1990).
Sample

Al (%)

Alpred (%)

Si

Sipred (%)

Li

Lipred (%)

Fe

Fepred (%)

Na

Napred (%)

1

18.45

20.32

65.39

65.36

7.79

8.78

1.16

0.59

0.22

0.23

2

18.45

20.24

65.39

61.29

4.45

4.18

0.04

0.24

0

0.01

3

18.25

22.33

65.59

66.42

4.45

4.78

0.008

0.00

0.048

0.01

4

27.48

21.03

63.6

60.75

4.45

5.71

0.008

1.28

0.048

0.11

5

16.41

17.89

77.8

76.33

3.7

4.68

0.008

0.36

0.048

0.29

6

16.41

15.79

77.8

77.79

1.66

1.31

0.04

0.05

0.87

0.54

7

16.41

23.36

77.8

74.88

7.79

6.27

0.11

0.45

2.43

2.42

8

28.93

19.88

48.58

52.27

9.11

7.65

1.16

1.80

0

0.07

9

43.85

41.36

37.89

36.90

NA

NA

0.00

0.00

0

0.09

10

18.25

24.44

65.59

71.00

NA

NA

0.04

0.02

0.22

0.19

11

18.45

21.25

65.39

67.24

NA

NA

2.94

2.02

0.24

0.38

12

27.48

20.87

63.6

64.13

NA

NA

11.85

11.70

NA

NA
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Table 7: Compositional prediction of Al, Si, Li, Fe and Na using LIBS continuous Silouette – obtained from tracing maximum
peaks and Self-Learning Artificial Intelligence method (compositional data obtained from Anthony 1990).
Sample

Al (%)

Alpred (%)

Si (%)

Sipred (%)

Li (%)

Lipred (%)

Fe (%)

Fepred (%)

Na (%)

Napred (%)

1

18.45

17.59

65.39

67.01

7.79

5.11

1.16

0.86

0.22

0.078

2

18.45

18.27

65.39

67.17

4.45

4.89

0.04

0.00

0

0.56

3

18.25

19.98

65.59

63.91

4.45

6.17

0.008

0.54

0.048

-0.032

4

27.48

20.47

63.6

74.39

4.45

4.61

0.008

0.63

0.048

0.048

5

16.41

15.74

77.8

77.08

3.7

5.54

0.008

-0.56

0.048

0.099

6

16.41

20.13

77.8

69.02

1.66

1.72

0.04

0.55

0.87

0.48

7

16.41

21.84

77.8

71.68

7.79

8.33

0.11

0.43

2.43

2.23

8

28.93

25.82

48.58

58.25

9.11

6.98

1.16

1.60

0.22

0.66

9

43.85

43.60593

37.89

37.09

NA

NA

0.04

0.43

0.24

-0.021

10

18.25

17.30

65.59

65.16

NA

NA

2.94

1.68

NA

NA

11

18.45

19.43

65.39

62.96

NA

NA

11.85

11.81

NA

NA

12

27.48

28.58

63.6

60.65

NA

NA

NA

NA

NA

NA

Table 8: Compositional prediction of Al, Si, Li, Fe and Na using uv-vis-swnir reflectance and Self-Learning Artificial Intelligence
method (compositional data obtained from Anthony 1990).
Sample

Al (%)

Alpred (%)

Si (%)

Sipred (%)

Li

Lipred (%)

Fe

Fepred (%)

Na (%)

Napred (%)

1

18.45

19.19

65.39

70.95

4.45

3.93

0.04

0.52

0.22

-0.073

2

27.48

24.03

65.39

64.67

4.45

4.88

0.008

0.36

0.048

0.61

3

28.93

31.97

63.6

59.93

4.45

4.43

1.16

2.98

0.048

-0.12

4

43.85

42.48

48.58

53.15

3.7

3.56

2.94

0.65

0.048

0.23

5

27.48

28.49

37.89

39.13

1.66

1.88

11.85

11.47

0.87

0.88

6

18.45

18.59

65.39

63.29

7.79

8.76

1.16

1.09

2.43

2.16

7

18.25

18.27

63.6

58.68

1.66

1.85

0.008

0.16

0.22

0.47

8

16.41

16.90

65.59

65.02

7.79

7.04

0.008

-0.0078

0.24

-0.048

9

16.41

16.15

77.8

73.11

9.11

8.68

0.04

-0.11

NA

NA

10

16.41

17.27

77.8

77.80

NA

NA

0.11

0.19

NA

NA

11

18.25

17.30

77.8

75.40

NA

NA

0.04

-0.054

NA

NA

12

18.45

18.11

65.59

73.23

NA

NA

NA

NA

NA

NA
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