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1. Introduction

1.1 Context

Global warming and environmental changes have increased the concerns about

natural and specifically water resources. Mining industry is a process where

large amounts of energy and water are consumed, and therefore every ac-

tion resulting in energy savings is an advantage. The exploration and min-

eral processing phases of mining need advanced measurement and analytical

techniques to speed up the process of mineral identification. Rapid mineral

identification is necessary for better process control and efficient use of en-

ergy and raw materials. However, the majority of the online and on-stream

analytical techniques provide knowledge about elemental contents or they en-

able mineralogical interpretation only when they are applied in offline mode.

Therefore, there is still a need for online mineralogical interpretation of data

with a least amount of investment in the instrumentation. Online mineral

analysis alleviates the workload of geologists, enable more cost- and energy-

efficient mining activities, save more water, lead to better process control and

provide reasonable chances to develop the sustainability of mining. There-

fore, rapid mineral identification is important in the planning, execution and

operation of a mining business.

1.1.1 Problem statement in exploration phase of mining

Analyzing the contents and properties of rock samples and mineral ores is

an essential part of the whole mining and minerals processing work chain.

During mineral exploration and orebody delineation, diamond drill cores are

1



Introduction

an important source of information for elemental contents, mineralogy and

geophysical properties of the rock (De La Vergne, 2003). In the geological

front, drill core analysis is commonly done by manual logging. Typically the

initial logging of the sampled cores is performed by geologists, who manually

go through the cores and analyze them by visual inspection. For further

analysis, the cores are split and part of them are sent to a laboratory for

analytical measurements. This measurement process is rather expensive, may

take several months and requires a lot of manual work. Although the results

of the spectroscopic techniques performed in laboratory conditions are usually

precise, the process of measuring, data preparation and analysis is slow and far

from the goal of rapid analysis. On the other hand, geologists are enthusiastic

about the abundance of the minerals as well as the mineral map of the surface

of the drill core samples. Therefore, there is a need to develop new techniques

which speed up the process of rock and ore drill core scanning.

1.1.2 Problem statement in mineral processing phase of mining

Ore beneficiation is yet another process where online mineral identification is

required. Ore beneficiation is the process where commercially valuable miner-

als are extracted from the mined ores. Flotation is one of the main methods

for ore beneficiation, and typically the control of the flotation processes is

strongly relying on the online analysis of elemental contents in the process

feed, final product and tailings, as well as in the intermediate material flows

inside the process. However, it is the minerals that affect how the ore behaves

in the flotation process. In mineral processing, on-stream analysis is still done

by elemental identification and quantification. Thus, online analysis of min-

erals is needed and it would enable more accurate process control in several

flotation applications compared to the online elemental analysis.

1.2 Objectives and scope of the thesis

Having discussed about the importance of online mineral identification and the

need for speeding up the geological surveys, there is the question whether min-

eral identification can be done effectively, fast and with minimum investment.

Despite the fact that modern mineral exploration has been driven largely by

technology, no mature mineral analysis technologies for rapid drill core logging

2
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and online flotation control are available. Therefore, advanced measurement

and analytical techniques are needed to aid and speed up mineral quantifi-

cation. As lasers enable rapid and modern measurement applications, the

laser-based methods have recently become of increasing importance in the

mining industry. However, most of the contemporary online and on-stream

laser-based techniques used for identification are based on elemental analysis

or performed in laboratory conditions.

To this extent, this thesis at first concentrates on the on-site and qualitative

mineral analysis of the drill core samples in the exploration phase of mining.

The central aim is to provide mineralogical information from the surface of

the drill core samples in order to make the process of drill core logging faster.

The thesis aims to utilize the available laser-based measurement techniques to

extract further knowledge from their generated data. Moreover, some laser-

based measurement techniques have either complex measurement setup or

they are naturally slow for online or on-stream mineral identification. Such

techniques are usually applied in laboratory conditions, while they enable

accurate identifications of minerals. Therefore, another objective of this thesis

is to employ all possible information provided by those slow but accurate

techniques in order to enable online mineral identification of drill core samples.

After that, the research is extended to on-stream and quantitative mineral

identification in the concentration phase. Dominant Laser-based measurement

techniques are introduced, their pros and cons are discussed, and the ultimate

target is to apply advanced data pre-processing and statistical methods to

innovatively derive mineralogical information from their integrated spectra.

Developing new analytical methods and measurement techniques can benefit

industry and customers in all phases of mining life cycle.

1.3 Research Hypotheses

This research work is built on the hypothesis that the potential and capabilities

of the available online and laboratory measurement techniques are not fully

utilized. There are still vast amount of knowledge in the produced data that

can be exploited and it makes the geological surveys automated, speeds up

the process of drill core sorting and improves the flotation process controls.

Moreover, the application of the developed measurement devices and ana-

3
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lytical techniques in this research can be generalized to other phases of the

mineral processing.

1.3.1 Hypothesis 1: Does the combined Raman spectroscopy and
laser-induced fluorescence provide faster detection of
fluorescent minerals on the surface of the drill core samples?

Raman spectroscopy is an accurate but slow method used for direct mineral

identification mainly in laboratories (Das and Agrawal, 2011). Laser-induced

fluorescence (LIF)(Kinsey, 1977) is a sensitive, moderately easy to implement

and a well-studied measurement technique used for detecting the fluorescent

minerals based on their emission colors (Gaft et al., 2015), the technique is

explained in detail in section 2.2.1. Prior to drill core scanning, employing an

accurate technique such as Raman spectroscopy will provide some reference

data about the minerals positions. This geospatial data on the surface of the

samples should enable calibration of LIF technique for automated and fast

surface scanning. Therefore, this research aims to demonstrate the merger

of Raman spectroscopy and LIF image analysis as a powerful combination to

detect and locate the constituent fluorescent minerals of rocks on the round-

side surface of the drill core samples.

1.3.2 Hypothesis 2: Can the elemental data of laser-induced
breakdown spectroscopy be converted to mineralogical
information for surface scanning of the drill core samples?

Laser-induced breakdown spectroscopy (LIBS) (Cremers and Knight, 2006)

is a well-known and widely applied elemental measurement technique in the

mining industry (Section 2.2.4). The wide range of the elements which can be

detected by LIBS and the simplicity of the measurement setup promotes the

idea of LIBS application for fast scanning purposes. Considering the broad

range of elemental information provided by LIBS, advanced data processing

techniques should enable further knowledge extraction about the mineralogy

of the samples. Moreover, since LIBS and LIF techniques can operate with the

same source of excitation light at similar wavelengths (UV range), mineralog-

ical data produced by LIBS is expected to provide supplementary information

for LIF surface scanning. Such combinations have been investigated in some

research works (Haavisto et al., 2013a). Therefore, this research work seeks

to identify minerals qualitatively from the elemental lines of LIBS spectra us-
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ing advanced statistical techniques. Additionally, the acquired mineralogical

knowledge is expected to add complementary information for LIF drill core

scanning.

1.3.3 Hypothesis 3: Is it possible to perform quantitative
elemental to mineral conversion of LIBS data to obtain
online mineralogical information for better control of
flotation processes?

In addition to the elemental knowledge, better control of flotation processes re-

quires close-to-real-time knowledge about the mineralogy of the slurry streams.

On-stream measurement of the aqueous samples is challenging due to the nat-

ural limitations caused by moving particles and liquids. LIBS and X-ray flu-

orescence (Beckhoff et al., 2007) are the prevailing measurement techniques

used in the current on-stream slurry analyzers. The features of LIBS technique

(Sections 2.3.2 & 1.3.2) boosts the idea of quantitative mineral identification

from the elemental LIBS data. A proper sampling system, advanced data

pre-processing techniques and a proficient data modeling method should en-

able the idea of on-stream and quantitative LIBS mineral identification. This

research work attempts to verify the idea of data-based elemental to mineral

conversion and to provide means of proof for executability of the approach.

1.3.4 Hypothesis 4: Does data fusion of different measurement
techniques improve on-steam and quantitative mineralogical
identification of slurry samples?

Although the elemental to mineral conversion of LIBS spectra provides valu-

able mineralogical information, it will be discussed that LIBS technique alone

is incapable of distinguishing between minerals with similar elemental contents

such as magnetite (Fe3O4) and hematite (Fe2O3). LIBS and XRF techniques

both have high capabilities for measuring elements. Nowadays, both tech-

niques are widely applied as cross-belt analyzers of the crushed ore and slur-

ries of the flotation processes. Furthermore, there are several reports about

the capability of reflectance spectroscopy for detection of minerals (Scheinost

et al., 1998), and the technique is described in detail in section 2.3.4. The three

mentioned techniques (LIBS, XRF and reflectance spectroscopy) provide valu-

able information and bring the idea that data fusion of their measured spectra

should enable further utilization of their produced data for better mineralog-

5



Introduction

ical interpretation. Therefore, this research work seeks to validate the im-

provement of the on-stream and quantitative mineral identification of slurry

samples by fusion of LIBS, reflectance spectroscopy and X-ray fluorescence

(XRF) spectra.

1.4 Contributions of the thesis

The main contribution of this thesis is extraction of mineral information from

the elemental data called elemental to mineral conversion. The novelty is

data-based mineral identification with the slightest need to change the instru-

mentation. The measured spectra of multiple analyzers are combined using

statistical techniques and it results in novel and improved methods for assay-

ing drill core samples and slurries. The contributions of this work are listed

below:

• Drill core analysis

– producing a mineral map of the fluorescent minerals present on the surface

of the drill core samples using Laser-Induced Fluorescence (LIF) and image

processing, entitled LIF-imaging (Publication I & Publication II)

– calibration of LIF-imaging technique using precise but slow Raman spec-

troscopy and linking fluorescent colours to the related minerals (Publica-

tion I & Publication II)

– qualitative mineral identification using elemental data produced by LIBS

technique and drill core sorting using the identified minerals (Publication

III)

– presenting the feasibility of identifying multiple minerals in one spectrum

using a proper data analysis technique (Publication III & Publication IV)

• Slurry analysis

– online and quantitative mineral identification of the slurries in flotation

processes using elemental data of LIBS spectra (Publication IV)
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– quantitative analysis of slurry mineral contents using data fusion of 1-

LIBS and reflectance spectra 2- reflectance and iron lines of XRF spectra

(Publication V)

– presenting the feasibility of quantitative identification of multiple minerals

in the accumulated spectra of multiple measurement techniques by linear

combination of the intensities (Publication IV & Publication V)

1.5 Publication summaries

The thesis consists of five publications (appended to the end of the thesis).

This section summarizes their contents:

Publication I
This article is the first reported combination of Raman spectroscopy and LIF-

imaging applied for drill core mineral characterization. Raman spectroscopy is

an accurate but slow method for characterization of the rock drill core samples.

Laser- Induced Fluorescence (LIF) can be used as a rapid method to produce

color maps of minerals based on their fluorescent color. The sample set are

segments of rock drill core collected from a Ni-Cu multi-metal mine situated

in Kevitsa, Finland. Dill core samples are scanned by LIF technique so that

images representing colors based on the emissions of fluorescent minerals are

generated (LIF images). Some parts of the sample set, based on the exposed

colors, are measured by Raman spectroscopy and therefore minerals in the

scanned positions are identified. In this way the fluorescent colors are linked

to the related minerals (called calibration). The RGB values of LIF images

are then converted to CIELab coordinate and for each color a tolerance range

is defined so that colors in the range of tolerance are considered as the same

mineral identified by Raman spectroscopy.

Publication II
This publication is a continuation to Publication I. The main prerequisite

of LIF-imaging technique is a reference data, linking the exposed fluorescent

colors to the minerals. Therefore, LIF-imaging technique is calibrated using

precise but slow Raman spectroscopy. After linking the pixel colors to the
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minerals, a regularized logistic regression technique is applied to classify the

minerals based on their emitted fluorescent colors in the digital images. The

abundance of each mineral group is estimated by pixel counting. Comparison

of results with X-Ray Diffraction (XRD) laboratory assays showed that the

interpretation of the fluorescent minerals (qualitatively) through LIF images

was valid and reliable.

Publication III
This publication deals with the qualitative mineral identification from the sur-

face of rock and drill core samples. Mineral identification from the elemental

results of LIBS measured spectra is achieved using singular value decompo-

sition (SVD). The proposed approach enables detection of multiple minerals

present in each measured LIBS spectrum. It is shown that LIBS can be used

for giving complementary information to other fast scanning techniques like

LIF-imaging. Finally, it is demonstrated that point-wise measurement tech-

niques such as LIBS can be used for rapid sorting of the drill core samples

containing composite minerals of interest where small fraction of the sample

is representative of the large volume.

Publication IV
This article addresses the issue of online mineral identification of aqueous or

slurry samples in the flotation processes. A multivariate statistical technique

called partial least squares (PLS) along with non-linear iterative partial least

squares (NIPALS) algorithm is employed. The method deals with the esti-

mation of mineral contents from the elemental LIBS spectra produced by an

on-stream LIBS slurry analyzer. While the conventional methods used for

LIBS data analysis consider only a few of the significant LIBS lines, the pro-

posed method in this work takes the full spectrum of LIBS measurements into

account and it will enable detection of multiple minerals in one LIBS spec-

trum. This technique is rapid and gives the possibility of online mineralogical

analysis without any modification of the conventional LIBS setup. Quartz and

Fe-oxides were the most essential minerals for the iron-ore concentrator and

they were identified quantitatively with good accuracy.

Publication V
This article is the extended work of Publication IV. It is extremely gainful to

differentiate between minerals having identical elemental contents such as mag-
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netite (Fe3O4) and hematite (Fe2O3) or silicon-bearing minerals such as quartz

and other mixed silica minerals since they have different flotation properties.

LIBS technique alone was incapable of distinguishing between such minerals

and therefore the collection of magnetite and hematite were identified as total

iron-oxides. Fast and early detection of these minerals would improve the pro-

cess performance even further. This article extends the online mineralogical

assay of slurry samples by spectral fusion of LIBS and XRF techniques with

reflectance spectroscopy. The results show that such data integrations enable

on-stream and quantitative identification of slurry mineral contents specially

for hematite, magnetite and quartz which are important minerals in iron ore

beneficiation.
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2. Experimental Background

2.1 Drill core analysis in the mineral exploration phase of mining

Prior to mining, extensive mineral exploration activities are required to locate

and map the mineral resources. Exploration activities are also performed dur-

ing the mining when the orebody is characterized or at the time of searching

for new deposits. One of the most common and standard methods of explo-

ration in mining is diamond drilling of the ground and extracting cylindrical

samples called drill core. The drill core samples are placed into boxes and sent

to laboratories for further analysis (see Figure 2.1).

Figure 2.1. drill core samples are stored into boxes for logging and laboratory
measurements

This section familiarizes the reader with the importance of rapid exploration,

contact-less and non-destructive techniques of drill core scanning and advan-
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tages of rapid drill core analysis for the sustainability of mining.

2.1.1 Importance of rapid mineral exploration

The exploration and mining activities are strongly increasing both in Finland

and internationally. New mines are opened and the operation of the existing

ones is enhanced in order to utilize the ore resources as effectively as possible.

This development requires new technological solutions, so that new deposits

can be explored and the ore mined and processed with small energy consump-

tion and with a minimized environmental impact. The improved technology

further creates potential for novel types of service business, as the developed

solutions are generalized to service concepts that can be offered to national

and international markets.

According to the report of Haavisto et al. (2013b), in 2010, exploration

activities in Finland were about 69.9 million EUR and in 2011, the exploration

costs rose to 81 million EUR. Therefore, the importance of mineral exploration

in Finland is acknowledged. The exploration phase of mining presents its own

challenges when aiming for sustainability, and it is a time-consuming and more

often a non-rewarding effort. At the same time, one shouldn’t make damage

beyond repair to the environment and keep the local population happy and

receptive to mining activities. In the end, it is very unlikely that excavated

drill core samples give a positive signal for starting a mine.

Consequently, it is important to enhance the results of the drill core min-

eral assays and to shorten the time of analysis in order to reach to the effi-

cient exploration with less consumption of time and natural resources. There

are laboratory techniques which have potential for the online scanning appli-

cations. Furthermore, combining suitable measurement techniques develops

new automated scanning methods. This will enable fast, cost-effective and

objective mineralogical analysis of the drill core samples and provides comple-

mentary and partly substitutive information for the laboratory analysis. All

of these objectives are aimed at developing mining activities to become more

sustainable.

2.1.2 Rapid analysis methods of drill core samples

When visually inspected by geologists, drill core samples are halved and one

half of them is sent to laboratories for detailed analyses. Exact results are ob-
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tained in laboratories through slow but reliable measurement techniques. For

laboratory analyses, samples need to be prepared, finely ground and sometimes

tested in vacuum conditions. The whole process of sample preparation, ship-

ment and laboratory examines is rather expensive, laborious and tedious. The

final results of the laboratory may take months to be ready. Online and auto-

mated scanning of drill core body using fast, contactless and non-destructive

techniques provides complementary information for laboratory analyses. Scan-

ning the drill core samples directly from the drill core boxes typically needs no

sample preparation, except for surface cleaning. It gives fast results that can

be used to ease the decision-making process during exploration and to guide

the future drilling activities without delays. This improves the exploration

process and provides economic benefits, as well as reduces the environmental

pressure of the operation.

Laser-based measuring techniques were first developed for military appli-

cations, but they have now become widely available for common uses. This

development has given rise to the multitude of application areas for lasers. One

of these application areas is mining. In order to strive for sustainability, laser-

based or contact-less methods are needed. Such techniques typically require

very little or no sample preparation, are non-destructive, require no physical

contact with the sample, and can give analysis results immediately after the

measurement. Consequently, they can potentially be applied to fast automatic

or semi-automatic analysis of large quantities of the drill core samples.

X-ray fluorescence (XRF) analysis which detects elemental contents of the

sample (Arkadiev et al., 2006), visible and near-infrared (VNIR) and in the

short-wave infrared (SWIR) reflectance spectroscopy detecting indications of

the minerals in the drill core (see e.g. Huntington et al., 2006; Keeling et al.,

2004; Tappert et al., 2011) are the predominant methods for drill core analysis

in industry. There are other spectroscopic and laser-based methods mostly ap-

plicable in the laboratory but with a high potential for industrial usage, e.g.

laser-induced breakdown spectroscopy (LIBS) which detects elemental con-

tents of the samples (Fortes and Laserna, 2010), Raman spectroscopy for direct

mineral detection (Das and Agrawal, 2011) and X-ray diffraction(XRD) ap-

plied for mineral analysis of the pulverized samples in the laboratory (XRD)(Escárate

et al., 2009). Laser-induced fluorescence (LIF) is also a suitable and prominent

measurement technique for detecting the fluorescent minerals.

The goal of this research is to demonstrate faster and better characteri-
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zation of drill core samples by combining different contact-less measurement

techniques. There have been research studies reporting improved results by

integration of measurement techniques together (Sharma et al. (2003) & Haav-

isto et al. (2013a)). Section 2.2 will provide detail descriptions of the measure-

ment techniques applied in this research for rapid scanning of the drill core

samples.

2.2 Laser-based measurement techniques for dill core surface
scanning

Despite the capabilities in mineral and elemental identification, the discussed

laser-based or laboratory measurement techniques have limitations that usu-

ally hinders their online usage. LIF measurement technique is a fast method

with high throughput but the requirement for calibrating using a reference

data of fluorescent colors and minerals restricts its application as an auto-

mated online scanner. Raman spectroscopy is a powerful laboratory method

for direct mineral identification and there is no need for calibration. However,

Raman spectroscopy has relatively long measurement time and it is susceptible

to auto-fluorescence emission of the minerals. LIBS technique is a point-wise

measurement technique and less reliable for inhomogeneous materials while

XRF has higher resolution covering larger area on the surface of drill core. On

the other hand, LIBS has a very simple and easy-to-implement spectroscopic

setup, wider range of elements can be detected with online LIBS, and mea-

suring elements with atomic number less than 20 is rather simpler by LIBS

compared with XRF (Gaft et al., 2007). Khater (2013) points out that measur-

ing elements lighter than titanium using XRF method and without helium gas

purge or without performing within a vacuum chamber is often impractical.

2.2.1 Laser-induced fluorescence

The process of absorption and re-emission of light by a matter is called pho-

toluminescence. More generally, photoluminescence is divided into fluores-

cence and phosphorescence based on the delay between the excitation and

light emission. One way to separate these two phenomena is that in fluores-

cence the photons are emitted quickly after the excitation (delay less than

1e-8 s), whereas in phosphorescence the sample will emit the light for longer
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duration of time.

Fluorescence enables rapid identification of fluorescent minerals where the

high-energy photons of the incident light are absorbed by the electrons of the

molecule and the molecule is excited. Then the non-radiative transition of the

absorbed energy occurs within other energy levels such as vibrational levels,

photons, thermal energy and etc. The remaining energy is then re-emitted

as a photon at a longer wavelength (lower energy) than the absorbed photon.

This phenomenon is represented by Jablonski Diagram shown in Figure 2.2.

Laser-induced fluorescence (LIF) analysis is based on measuring the fluores-

cence spectrum of minerals that are excited by an UV laser. The fluorescence

spectrum is affected by the combination of activators in the mineral structure,

and thus it is mineral specific. Activators are typically transition metal or

rare earth element ions (Waychunas, 1988). However, since the fluorescence

can be caused by very small concentrations of the activators, the quantitative

analysis based on LIF requires very good reference samples (Broicher, 1999).

Even though the term laser-induced fluorescence is used here, laser-induced

luminescence also exists in the literature.

Figure 2.2. Jablonski diagram of absorbance, non-radiative decay, and fluorescence.
Image used from the public domain, "Wikipedia"

The fluorescence or luminescence spectrum of minerals have been studied

extensively in laboratory conditions (see e.g. (Gaft et al., 1998) & (Gaft et al.,

2008) & (Reisfeld et al., 1996)). Industrial applications of LIF in mining and

minerals processing have concentrated on dilution control, assessment of ore

types and quality control. Applications for classification of phosphorous iron
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ore and waste rock from belt conveyors and load haul dumper (LHD) buckets

have been presented by (Broicher, 1999). Nienhaus and Bayer (2003) described

an online LIF analyzer and its application for classification of hard coal, potash

ores and lignites.

2.2.2 Laser-induced fluorescence imaging

Qualitative results like mineral maps or abundance of the minerals are useful

for rapid sorting of the rock samples. The diameter of the radiation in the

point-wise measurement techniques (LIBS, LIF and Raman) is small. Calcu-

lating the abundance of the minerals adequate for industrial scales necessitates

radiating substantial number of spots to cover broader area of the drill core

surface. The feasibility of applying point-wise techniques for surface scanning

is dependent on the homogeneity of the samples. Although XRF analyzers

scan large surfaces and they are considered as rapid measurement techniques,

they explore the elemental contents of the rocks and not the minerals. Re-

flectance spectroscopy using line scanning hyperspectral imaging systems is

considerably rapid and the whole visible surface of the drill core can be ana-

lyzed (Haavisto et al., 2013b). However, there are still a noticeable number of

minerals not detectable by infrared reflectance spectroscopy techniques.

Laser-induced fluorescence imaging (LIF-imaging) is the modified version

of the conventional LIF technique. Conventional LIF analysis is based on

detecting and analyzing the measured fluorescent spectrum of minerals. How-

ever, advances in photography and digital image processing have resulted in

a wide usage of digital cameras in the real world applications. LIF-imaging is

the utilization of both LIF color detection of minerals and digital imaging of

the sample surface. Such combination has been reported in various research

works. For example, Chatterjee (2013) applies image processing techniques for

classification of rock types. Adeyemi et al. (2006) presents a high correlation

between light-induced fluorescent images and digital images applied for tooth

stain removal.

In LIF-imaging the laser beam passes through a right-angle prism redirecting

the beam to the surface of the specimen perpendicularly and the beam is then

passed through a Plano-convex lens that causes slight dispersion of the laser

beam on the surface of the sample. It enables analysis of larger surface area of

the samples and considerably improves the pace of the measurement. Figure
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2.3 represents the schematic diagram of conventional LIF (a) and LIF-imaging

measurement setup (b). However, in order to have better quality of the image

and visible fluorescent colors, an exposure time should be set on the camera

which is the main cause of delay in the measurements. Exposure time is the

length of time that the camera’s shutter is open when taking a photo. The

required exposure time also varies based on the concentration of the fluorescent

minerals in different mines.

YAG Laser
266nm

Sample

Collimator
Spectrometer

Filter

a) Conventional LIF

Sample

YAG Laser
266nm

b) LIF imaging

Plano convex lens

Figure 2.3. a) Conventional LIF measurement setup. Point-wise scanning of the samples
using a spectrometer b) LIF-imaging measurement setup. Laser beam is
dispersed and the fluorescent colors are recorded using a digital camera

Figure 2.4 represents a LIF image of a rock sample illuminated on the white

rectangle area. The luminous color is scheelite fluorescing during the laser

illumination.

a) b)

Figure 2.4. LIF image of a scheelite rock sample
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2.2.3 Raman spectroscopy

Raman spectroscopy is a spectroscopic technique operating by measuring the

vibrational or low-frequency modes of a system or material (Das and Agrawal,

2011). Raman is a well-known method of mineral composition analysis. Ma-

terials have a characteristic Raman scattering radiation when excited by light

and this characteristic is used as fingerprints to deduce the chemical contents

of materials. Properties of the material can be determined by analysis of the

spectrum. The most common procedure is to compare the recorded spectrum

with a library of known spectra to identify a substance. In order for species

to be Raman active, they must have vibrations (or rotations) that result in a

change in the polarisability of the molecule or material. This is why Raman

scattering in metallic substances is very weak, and cannot be detected without

special conditions (Goncharov and Struzhkin, 2003).

Raman Spectroscopy has been used for detection of diamonds (e.g. Lam-

precht et al. (2007)) or other non-metallic components of interest. Kauppinen

et al. (2013) applied Raman on the drill core samples collected from a gold

and a copper-nickle mine both situated in northern Finland. The main ap-

proach was to employ an optimization algorithm called non-negative least

squares (NNLS) (Chen and Plemmons, 2009) for detection of minerals from

the collected Raman spectra. However, they selected only signals from non-

fluorescence areas of samples and only those with clear peaks.

Despite advances and novel methods of spectral analysis developed for Ra-

man, it is a point-wise measurement technique, slow and not suitable for rapid

scanning of the samples. In the context of online scanning, this work intro-

duces Raman as a powerful method for calibrating other scanning methods

such as LIF-imaging and for providing mineralogical assays in laboratory.

2.2.4 Laser-induced breakdown spectroscopy

Laser-induced breakdown spectroscopy (LIBS) is an elemental analysis tech-

nique operating based on detection and analysis of atomic emissions. It was

first introduced by (Brech and Cross, 1962), and after the 1990s by improve-

ment in the laser technologies, LIBS became appealing for engineering appli-

cations. It is a simple spectroscopic technique mainly built on a pulsed laser

source, a focusing lens, a spectrometer and a data analysis unit. LIBS oper-

ates by employing a low-energy pulsed laser (usually tens to hundreds of mJ
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per pulse) and using a focusing lens it generates a plasma where a small vol-

ume of the sample is vaporized. The radiation emitted by the plasma is then

measured using a spectrometer. The plasma contains a collection of colors

(wavelengths) corresponding to the present elements. Each element results

in emission peaks at characteristic wavelengths, and the height of the peaks

corresponds to the intensity of the elemental contents in the sample. Some

literature use the term laser-induced plasma spectroscopy (LIPS). The area

of application for LIBS is broad nowadays. Ayyalasomayajula et al. (2012)

reports application of LIBS for environmental monitoring. The usage of LIBS

extends to other fields like geology (Rakovskỳ et al., 2012) & (Díaz Pace et al.,

2011) or space exploration (McCanta et al., 2013) & (Wiens et al., 2013).

LIBS has been widely applied to the analysis of the elemental contents of

rocks and mineral samples (Harmon et al., 2006). One typical class of studies

include measuring the LIBS spectra of mineral samples in laboratory, and clas-

sifying the spectra using statistical multivariate methods. This approach has

been utilized successfully at least for beryls (McManus et al., 2008); carbon-

ates, pyroxenes, and feldspars (Harmon et al., 2009). Quantitative laboratory

analysis of rock powders, pellets and chips by LIBS has also been keenly stud-

ied for several ore types: iron ores ((Grant et al., 1991) & (Sun et al., 2000)

& (Death et al., 2008)); Zn and Cu ores (Gondal et al., 2007); and phosphate

ores (Rosenwasser et al., 2001).

LIBS has been used as cross-belt analyzer for industrial applications. Gaft

et al. (2007) introduces a LIBS-based analyzer for on-belt evaluation of MgO in

phosphate rock and ash content in coal. Although the accuracy of the results

was not as good as the laboratory measurements for phosphates, they pointed

out the privilege of continuous scanning using online LIBS. Fricke-Begemann

et al. (2010) presented an ore-sorting application for separating limestone and

dolomite rocks based on the Mg measurement. The setup was used as cross-

belt analyzer. The main problem for online application is that LIBS is a point-

wise measurement technique and not suitable for high throughput capacity.

For geological purposes the interest is in bulk materials, therefore a large

quantity of measurements is required to generate statistically acceptable and

reliable conclusions. One common solution is scanning with high sampling

rates typically from 1 to 20 Hz (Gaft et al. (2007) & Fricke-Begemann et al.

(2010)).
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2.3 Online mineral analysis of slurry samples

Mineral concentration is a process where valuable minerals are separated from

the gangue. Within the variety of concentration methods, flotation, grav-

ity separation and magnetic and electrical separation are the most common

techniques among all.

The operation of gravity separation is based on the principle of different

density properties of different minerals. The relative motions of the minerals

in response to the force of gravity or other external forces like centrifugal or

magnetic forces are different. Some minerals resist against the force and some

not and this phenomenon is used for separation of different minerals. Gravity

separation has been invented prior to other separation techniques. However,

after introducing flotation or magnetic separation, there has been a decrease in

the application of gravity separation for the process of mineral concentration

(Gorain et al., 2007).

Magnetic separation is the process of separating magnetic substances from

the non-magnetic substances in a mixture using an external magnet. The

magnetic susceptibility of minerals is the main property used for mineral ex-

traction, and therefore this technique is useful for separation or concentrating

iron ore (Li et al. (2010) & Svoboda and Fujita (2003)).

Flotation is one of the main methods for ore beneficiation, and it can sep-

arate a variety of ores and particle sizes. The principle of separation in the

flotation is according to the different chemical properties on the surface of

the valuable minerals versus gangue minerals. The difference on the surface

creates hydrophobic and hydrophilic minerals. First, the slurry is formed by

grinding the ore and mixing with water. Then, the slurry is treated in a

flotation cell by adding flotation chemicals based on the properties of the ore.

After that bubbles are introduced to the slurry from the bottom of flotation

cell. Hydrophobic minerals attach to the surface of the bubbles and rise to

the surface of the cell. Usually multiple flotation cells are interconnected in a

flotation circuit to increase the output of the final concentrate.

The detailed structure of mineral concentration and separation is out of

the scope of this thesis. For more information, Gorain et al. (2007) presents a

detailed description of the flotation cell operation principle and the mechanical

structure.

Flotation process consists of other important steps mainly related to chem-
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ical additions such as addition of flotation reagents or collectors, frothers,

depressants and activators. On the other hand, treating the tailings and re-

covery from them is also extremely important for mineral processing. In direct

flotation, valuable mineral particles are lifted to the froth and tailings are re-

moved from the bottom of the cell, whereas in reverse flotation tailings are

collected by the froth (Filippov et al., 2014).

Typically, the control of the flotation processes is strongly relying on the

online analysis of elemental contents in the process feed, final product and

tailings, as well as in the intermediate material flows inside the process. As

discussed before, the majority of the online measurement techniques are able to

identify elements. However, in mineral flotation it is the mineral contents, not

the elements of the slurries, that determine the process behavior. Direct and

real-time measurement of minerals would greatly provide additional benefit

for the process control.

2.3.1 Control of flotation process

The output of a flotation process is called recovery consisting of better pro-

portion of valuable minerals compared to the flotation feed. The proportion

of a valuable mineral in the final product is called grade. There is a trade-off

between the recovery of a flotation process and the grade of concentrate so

that better recovery leads to lower grade and vice versa. Figure 2.5 represents

the grade-recovery curve (image has been used from doctoral dissertation pub-

lished by Haavisto (2009)). The first step in the flotation control is to make

the operating point stable. This includes stabilization of slurry level and ad-

justment of the air and reagent flows. Next, the operating point should be

moved to such a level that the grade of the concentrate is not less than a

minimum level and meanwhile the recovery has been increased to a possible

maximum level. After that, using optimized control systems the operation

point of the circuit is further moved to make a better proportion of grade and

recovery possible.

Online mineral assaying provides useful information for process control e.g.

in chemical consumption optimization. The performance of flotation can be

greatly optimized by online assaying of the minerals in the slurry flows. How-

ever, online and quantitative mineral identification of the slurries is challeng-

ing. Therefore, the importance of rapid and quantitative mineral analysis is
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Figure 2.5. Grade-recovery curve of a flotation process. This figure is courtesy of
doctoral dissertation published by Haavisto (2009)

obvious.

Flotation is an expensive process where large amounts of water and energy

are consumed. There are a considerable number of countries having problems

in water resources (due to climate conditions and geographical location) while

having rich mines. Such countries struggle with the amount of water con-

sumed during flotation. Therefore, every action resulting in energy savings is

an advantage for them. For example, in concentrator plants where the quality

of ore is poor, the magnetic and gravity separations are usually followed by a

flotation process. It is beneficial to bypass the flotation when the grade of ore

is high enough after magnetic separation. Another example is the different

flotation properties of silicon-bearing minerals. For instance, quartz has dif-

ferent properties from other mixed silica minerals, and accurate measurement

of quartz and other silicon-bearing minerals improves the process control and

significantly optimizes the amount of chemical additions.

One of the indicators of decreased recovery is the increase in the amount of

valuable minerals in the tailing flows. This means that valuable minerals have

not been extracted properly during the separation process and they appear in

the tailings which leads to significant financial losses. Therefore, online mon-

itoring of tailing mineral contents is important. It is obvious that concurrent

monitoring of the feed and final concentrate mineral contents is also critical
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in order to have an efficient process with high-quality final products.

Although online mineral analysis of process flows is a novel achievement

and brings substantial benefits, it is a very challenging process specially for

aqueous materials like slurries. Development of new laser-based measurement

setups only for the purpose of online mineral identification is expensive, time

consuming and is difficult to trade. It is not an easy task to convince clients

to purchase multiple analyzers for different purposes. Therefore, extracting

mineralogical information from the available elemental slurry analyzers is eco-

nomic and advantageous. This will bring many benefits for both customers

and developers so that the customer will achieve more efficiency from the

same products and the developer will be able to offer more functionality for

the products. The concept of mineral estimation from the chemical assays is

usually expressed by the term elemental-to-mineral conversion. In this work,

we introduce data-driven elemental to mineral conversion methods applicable

to slurry streams.

2.3.2 Online LIBS slurry analyzer

The structure of LIBS apparatus and its working principle was explained in

subsection 2.2.4 where LIBS was discussed as a competent technique for rock

and drill core characterization. In this section, application of LIBS for online

slurry analysis will be discussed. Since a LIBS measurement system focuses the

laser light using a lens to generate high-temperature plasma, the illuminated

liquid is vaporized and ionized locally, and therefore the plasma contains all

presented elements in the samples. As a result of vaporization, the LIBS

technique is suitable for slurry analysis or generally aqueous samples. However,

for slurry samples part of the energy of the laser light is absorbed by water

and this attenuates the signal to noise ratio. Furthermore, molecular motions,

shaking and splashing of the liquid adds noise to the signal.

Figure 2.6 represents a schematic diagram of LIBS slurry analyzer for on-

line estimation of the elemental contents. However, in order to compensate

instabilities, to have clear elemental peaks and to mitigate the noise, spectral

accumulation is performed. In real world applications the accumulation pro-

cedure is performed using a sampling system (multiplexer or cutter sampler)

which continuously brings side flows for spectral analysis. The sampled slurry

flows into the measurement cell where the LIBS apparatus is scanning a fixed
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Figure 2.6. Schematic of on-stream LIBS slurry analyzer. Courier� 8 SL, Courtesy of
Outotec Oy (Outotec, 2018)

point on a stabilizer surface. Usually the measurement noise is considered

to be white noise, and therefore the accumulation of spectra will reveal the

elemental peaks and diminish the noisy magnitudes. As the slurry is circulat-

ing and the laser beam hits different particles each time, it is plausible that

the accumulated spectrum consists of the combination of all the elements and

minerals.

2.3.3 Online XRF slurry analyzer

X-ray fluorescence (XRF) has been a dominant elemental analysis technique

for slurry analysis, since 1960’s (Carr-Brion, 1989). X-ray fluorescence (XRF)

is based on the measurement of fluorescent radiation emitted by atoms that

are excited with X-ray radiation. The incoming X-rays eject an electron from

the inner shell of an atom. This empty position is filled by an electron from

an outer shell. When the electron moves to the inner shell, it emits electro-

magnetic radiation in the X-ray area. The frequency content of the emitted

radiation is characteristic to each element, allowing the identification of el-

emental contents of the sample (Arkadiev et al., 2006). The X-rays can be

generated using a radioactive source or an X-ray tube, which generates the x-

rays electrically. There are two approaches for measuring the X-ray radiation

from samples. Wavelength dispersive XRF (WDXRF) in which the charac-

teristic radiation is separated using a crystal. It diffracts and measures only

the intensity of the desired wavelength. The other approach is energy disper-
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sive XRF (EDXRF) method that the fluorescent X-rays are measured by the

amount of ionization produced on a semi-conductor material. The WDXRF

technique has higher resolution and it can measure lower elemental grades,

while the EDXRF is able to measure multiple elements simultaneously.
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Sample out

Jet flow 
cell

Controlled turbulent
flow in the sensitive layer
provides a representative

sample and prevents scaling. 

50 µ thick
window

WDXRF channel

Signal
processing

X-ray tube
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Spectrometer
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COOLING AND TEMPERATURE 
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Figure 2.7. Schematic diagram of on-stream XRF slurry analyzer, Courier� 6 product of
Outotec Oy. Figure is Courtesy of Outotec Oy (Outotec, 2018)

Figure 2.7 represents a schematic diagram of XRF slurry analyzer, product

of Outotec Oy, consisting of wavelength dispersive XRF as the main measure-

ment and energy-dispersive technology as complementary. There are two types

of online XRF analyzers: 1- on-stream analyzer where one centralized analyzer

is installed for separate sample lines and the slurry samples are transferred to

the analyzer successively. 2- in-stream analyzer where analyzers are installed

directly on the process flows. It is obvious that the on-stream method is more

economic since one centralized analyzer is sufficient. However, it causes longer

delays between consecutive measurements from the same slurry line because

one slurry analyzer is used for measuring several slurry lines. On the other

hand, the disadvantages of in-stream method are two-folded. In addition to the

large amount of investment for measuring several slurry lines, flow conditions

of the main slurry lines will directly affect the measurements. Consequently,

centralized slurry analyzers are more in use.
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2.3.4 Online reflectance spectroscopy slurry analyzer

Reflectance spectroscopy of minerals in the infrared (IR) wavelength range is

based on the characteristic absorption properties of minerals. The measured

spectra can be utilized to determine the mineralogy of the given sample. The

fundamental concept in reflectance spectroscopy is the interaction of incident

light with the sample surface. The original application field of IR reflectance

spectroscopy in geology is related to airborne and spaceborne remote sensing of

minerals and mapping of surface mineralogy (see Van der Meer et al. (2012)).

Vibrational and electronic processes are the two main causes of absorption.

The principle of electronic absorption is based on absorbing the energy of the

incident photon by a molecule and shifting electrons to the higher energy or-

bits. This situation is unstable and the electrons fall in to the lower energy

levels by releasing energy and emitting photons. The wavelengths of the in-

cident photon and the emitted one are not similar (wavelength of incident is

absorbed) and this is used as characteristic of the mineral. Vibrational process

happens as a result of energy absorption and vibration of the whole molecule.

Each molecule has characteristic vibrational modes relevant to specific ab-

sorption frequencies. The vibrational absorbance in minerals is characterized

by the vibrational modes of the mineral structure. Based on the molecular

structure, various vibrations are feasible. Carbonate minerals with water or

hydroxyls usually react to the incident light as a result of vibrational absorp-

tion.

Analysis of reflectance spectra is based on measuring the received light from

a sample after excitation with electromagnetic radiation. Depending on the

type of the sample, the incident light might be reflected with similar or dif-

ferent angle (called diffuse reflectance), might be absorbed by the sample or

might pass through the sample. Reflectance R is defined as the ratio between

intensities of the reflected light (IR) and the incident light (I0)

R = IR/I0, (2.1)

transmittance is defined as the ratio between intensities of the light transmit-

ted through the sample (IT) and the incident light (I0)

T = IT/I0, (2.2)

and absorbance is defined as

26



Experimental Background

A = log(I0/IT) = log(1/T ). (2.3)

According to Beer-Lambert law, there is linear relation between the concen-

tration c and absorbance A of a sample

A = log(I0/IT) = acb, (2.4)

where b is the thickness and a is the molar absorptivity of the absorber (Os-

borne et al., 1993) and they are usually constant values in the calculations.

Concentration is defined as the number of moles of a solute in a volume of the

solution (mol
m3 ). Therefore, absorbance is proportional to concentration

A ∝ c . (2.5)

Typically the wavelength ranges of IR spectroscopy are divided to visible

near infrared (VNIR, about 350–1000 nm), short-wave (SWIR, 1000–2500 nm)

and thermal or long-wave (TIR/ LWIR, 8000–14000 nm). This study utilized

VNIR range of reflectance spectroscopy. In the VNIR region, the identification

of minerals is based on the presence or absence of transition metal ions, for

example Fe, Cr, Co or Ni, (Van der Meer et al., 2012) & (Kruse, 2012). The

absorption is caused by electronic processes (for more details, see Clark et al.

(1999)), and the resulting features in the spectra tend to be broad and shallow.

Typical minerals that can be detected from VNIR spectra include hematite

(Fe2O3), geothite (FeO(OH)) and jarosite (KFe3(OH)6(SO4)2).

Haavisto et al. (2006) reported an on-stream setup based on visible and

near infrared reflectance spectroscopy for elemental analysis of the froths and

slurries. They extended their work by fusion of XRF and reflectance spec-

troscopy measurement techniques (Haavisto and Hyötyniemi, 2009). Several

researchers have reported feasibility of quantitative mineralogical analysis us-

ing reflectance data obtained from visible and near infrared to shortwave in-

frared (VNIR and SWIR) wavelengths, see (Haest et al., 2012a) and (Haest

et al., 2012b).

2.3.5 Data fusion of slurry analyzers

Despite all advances and improvements of the current available online slurry

analyzers, there are still lacks of reliable methods enabling online mineral iden-

tification of the slurries. Considering the fact that the presence of minerals is
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conditional to the presence of the constituent elements, extraction of miner-

alogical information from the current elemental data is a valid hypothesis and

this thesis seeks to prove the hypothesis.

LIBS and XRF are two elemental measurement techniques widely applied in

the flotation processes (Outotec, 2018). The interest in LIBS application for

slurry analysis has been recently increased ((Ayyalasomayajula et al., 2011) &

(Eseller et al., 2010)) due to multiple advantages over other analytical meth-

ods, e.g. it is simple and economic, it does not require sample preparation,

it can analyze multiple elements simultaneously, and broad range of elements

can be detected. Although LIBS technique provides a broad range of ele-

mental lines in each measured spectrum, conventional methods used for LIBS

data analyzing mainly consider only a few of the significant LIBS lines re-

lated to a few of the specific elements. The proposed method in this work

makes use of most of the important LIBS lines and is not restricted to a few of

the known elemental wavelengths. Results enable quantitative and continuous

mineralogical analysis of the slurry samples.

For online mineral estimation, a reference data of mineral contents is re-

quired. Therefore, the mineralogical assays of the selected samples are usually

provided by precise measurement techniques in laboratories. In Chapter 4,

it will be discussed that each measurement technique enables identification

of specific minerals which varies according to the instrumentation, the min-

eralogy of the samples, the grade and concentration of the present minerals.

It will be presented that linear combination of reflectance spectra with LIBS

spectra can lead to identification of some minerals which were not measured

by LIBS technique alone.

As discussed in Section 2.1.2, XRF technique has high resolution covering

a large area on the surface of drill core samples, and this feature applies to

slurries too. However, the main drawback of XRF measurement is that the

emission intensity of the elements decreases by decreasing atomic number.

Moreover, the weak emission of some elements are absorbed by water in the

slurry, protective windows and air in the spectrometer. Therefore, the spec-

tra generated by online XRF measurement of slurry samples were missing

many important elemental peaks and was therefore not suitable for mineral

identification. Another issue is that due to the slow sampling frequency of X-

ray fluorescence (long measurement time per sample), rapid oscillations and

sudden grade changes are not detectable. To solve this issue, Haavisto and
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Hyötyniemi (2009) developed a soft-sensor approach predicting the elemental

contents of slurry using visual and near-infrared reflectance spectrum measure-

ments that can be obtained with high sampling frequency. They demonstrated

the applicability of VNIR spectroscopy for accurate assays especially for the

concentrate lines with high sphalerite and chalcopyrite contents and regular

grade variations. They used the XRF slurry elemental assays as the reference

measurements, and the rapid VNIR spectral assays were continuously cali-

brated with XRF results. Figure 2.8 represents a schematic diagram of the

slurry analyzer prototype developed by Haavisto (2009). A side flow from the

primary sample flow is continuously directed to the reflectance analyzer and

an additional slurry flow is sampled from the primary sample flow for XRF

analyzer.

When performing reflectance spectroscopy, solid content and particle size of

slurries influence the measured reflectance spectra. In laboratory conditions

when there is a small number of samples, problems like solid contents or par-

ticle size can be omitted since for small quantities of the samples they are

considered as constant when the calibration model is calculated. However, in

real on-stream applications both the solids content and particle size vary de-

pending on the feed ore properties and operating point of the process meaning

that a constant calibration model does not necessarily hold for longer periods

of time. Haavisto et al. (2008) reported a recursive PLS algorithm which it-

eratively updates the model generated from reflectance spectra with the XRF

assays to maintain a good prediction accuracy.

Some of the previous works could overcome some of the discussed problems

by combination of measurement techniques (Haavisto and Hyötyniemi, 2009).

This doctoral study focuses on the data integration of the slurry analyzers

rather than physical combination of the measurement setups. However, the

scheme presented in Figure 2.8 and introduced by Haavisto (2009) is applicable

to the measurement setups used in this doctoral study. This study extends

the research work conducted by previous research groups such as Haavisto and

Hyötyniemi (2009) or Haavisto et al. (2006) so that the focus is on the online

mineral identification of the slurry samples rather than elemental contents. An

efficient process control of iron ore concentrators is feasible when the grades

of important minerals such as hematite, magnetite or gangue minerals such as

quartz are available. This research proposes the data fusion of online slurry

analyzers for rapid and online identification of important minerals.
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Figure 2.8. Schematic diagram of slurry measurement prototype consisting of a
centralized XRF and an on-stream reflectance spectroscopy. This figure is

courtesy of doctoral dissertation published by Haavisto (2009)
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Data-driven approaches have recently drawn attention. Model-based system

analysis requires a prior knowledge about the processes. This knowledge is

provided by applying a mathematical model of the system used as a reference

for analyzing the new sampled data. Increase in the complexity of the sys-

tem causes the challenge of ensuring the accuracy of the extracted model. In

contrast with the model-based methods, data-driven approaches require only

the historical observations of the process performance recorded in a database.

There is no need for any accurate mathematical or physical model of the

system. Data-based methods are applied when the physical model of the sys-

tem is complicated or when the basic system operation principles are difficult

to model but there is enough monitored data available concerning the sys-

tem. Although data-based methods resolve most of the difficulties of applying

model-based methods, they bring us to the main challenge of need for large

quantities of good quality training data.

This thesis deals with the analysis of spectra generated by various mea-

surement techniques. For spectral analysis, linear multivariate techniques are

commonly applied. The spectra measured by detectors such as spectrometers

or spectrographs are usually high-dimensional, and linear multivariate meth-

ods are the most typical way of dealing with those spectra.

This chapter reviews and introduces the mathematical techniques and algo-

rithms used for data analysis. In Publication I and Publication II some meth-

ods of image processing have been applied. Raman spectra have been analyzed

using a mathematical optimization technique called non-negative least squares

(NNLS) and the technique will be introduced briefly in Section 3.2. Publica-

tion II contains an application of a supervised classification technique called

logistic regression. In Publication III a method for dimension reduction has
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been applied and qualitative mineral interpretation has been achieved using

a similarity search technique which employs the euclidean distance between

spectra. Publications IV and V use partial least squares (PLS) regression tech-

nique for online estimation of mineral contents along with non-linear iterative

partial least squares (NIPALS) algorithm for deriving the latent variables.

This chapter provides brief but comprehensive information about the applied

methods used in the research. Validation of regression models is the funda-

mental and extremely important step of spectral analysis and therefore will

be explained in details.

3.1 Digital images and measuring color

Color digital images are made of pixels and pixels are composed of channels

of primary colors. The most common primary colors used in many electronic

devices are red, green and blue. Each pixel of a digital image is the result

of adding the values of red, green and blue primary colors in different ways.

A digital image that is taken by a digital camera consists of red, green and

blue channels and is stored as an m-by-n-by-3 data array. Therefore, each

m-by-n matrix is called a matrix of primary channel and contains the numeric

values of red, green or blue primary colors. There is also gray image called

grayscale image made of only one channel of gray color. Therefore, RGB color

model is a space holding three channels of red, green and blue colors and each

pixel of a digital image results from concurrent representation of three pixels

in red, green and blue channels. One usual way to express the resolution of

an image is by pixel counting. For example, a resolution of m-by-n means

m pixel columns and n pixel rows of the digital image. Another resolution

term is radiometric resolution which defines how precisely an image displays

the differences of color intensities. Radiometric resolution is referred to as the

number of bits or levels. For instance, a 24-bit image is made of three channels

of 8-bits (unit8), and each pixel of a channel indicates the intensity value by a

value between 0 to 255. If the image is 48-bit, it means that the pixel of each

channel shows the intensity of the primary color using 16-bit (unit16) and is

called high-color depth image. Figure 3.1 represents RGB color cube of unit8

color images.

For mineral detection, RGB color space is not a proper space since three
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Figure 3.1. RGB color cube for a uint8 image

independent matrices (red, green and blue) should be considered. There are

other color spaces containing components which ease the process of color de-

tection.

Hue is a significant property of color. It refers to pure color and is achieved

by linear transformation of RGB channels. The hue component of color is

widely applied in image segmentation, object recognition and color detection

(Finlayson and Süsstrunk, 2002). Hue-based representations of RGB images

can be achieved using color transformations like HSV (hue, saturation and

value), HLS (hue, lightness and saturation) and HIS (hue, intensity and satu-

ration) (Sangwine and Horne, 1998). These color spaces are linear transforms

of RGB space (Ford and Roberts, 1998). Figure 3.2 represents the HSV color

model mapped to a cylinder. To know the process of color space transfor-

mation, one way to calculate HSV values from RGB is represented below.

Saturation and Value components of HSV are easily derived from equations

3.1 and 3.2

S = max(R, G, B) − min(R, G, B)
max(R, G, B) , (3.1)

V = max(R, G, B) . (3.2)

First, the following R′, G′ and B′ values should be calculated

R′ = max(R, G, B) − R

max(R, G, B) − min(R, G, B) (3.3)

G′ = max(R, G, B) − G

max(R, G, B) − min(R, G, B) (3.4)
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B′ = max(R, G, B) − B

max(R, G, B) − min(R, G, B) , (3.5)

from where H is calculated according to one of the following conditions

H = 5 + B′ if R = max(R, G, B), G = min(R, G, B)

H = 1 − G′ if R = max(R, G, B), G �= min(R, G, B)

H = R′ + 1 if G = max(R, G, B), B = min(R, G, B)

H = 3 − B′ if G = max(R, G, B), B �= min(R, G, B)

H = 3 + G′ if B = max(R, G, B),

H = 5 − R′ otherwise

and H is then multiplied with 60 and hue is obtained. There are other ap-

proaches of color transformations. The detailed description and formula for

transforming the color spaces are presented by Ford and Roberts (1998).

Figure 3.2. HSV color cylinder

A color-based segmentation can be easily performed by defining threshold

ranges for hue values of the pixels. Therefore, hue component of color is

widely applied in analysis. However, sometimes irrelevant materials cannot be

distinguished using hue component of color. For instance, dusts on the surface

of the drill core samples occasionally fluoresce with colors in the same hue

ranges of the minerals but usually shinier or paler (see Figure 3.3). Therefore,

other transformations of color should be considered.

As the purpose is to perform identification by measuring the difference be-

tween colors, the CIELab color difference is suitable. The International Com-
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mission on Illumination (abbreviated as CIE from its French title) defines an-

other color system that classifies color according to the HVS (the human visual

system) (Hunt and Pointer, 2011). CIE provides two color spaces, CIELab and

CIELuv. Although those two color spaces have been defined by CIE system

and are based on human vision, they are unintuitive. Lab is a non-linear but

reversible transformation of color. L represents the lightness of color, a and

b define redness-greenness and yellowness-blueness of the color respectively.

Equation 3.6 shows the formula of calculating the color difference in CIE sys-

tem. L, a and b are the CIELab coordinates of each pixel from the sample

(first RGB to Lab conversion is performed) and L*,a* and b* are the standard

coordinates computed by averaging the L, a and b values. Identification of

materials using ΔE color difference is performed by setting a threshold so that

ΔE value for Lab coordinates of each pixel is calculated. If the value of ΔE is

greater than the threshold, it means that the measured color is significantly

different from the standard values.

ΔE = [(L − L∗)2 + (a − a∗)2 + (b − b∗)2]0.5 (3.6)

3.2 Non-negative least squares

In the context of LIF-imaging, different minerals may fluoresce with similar

colors (Miller et al., 2005). Therefore, LIF analysis requires a reference which

links fluorescent colors to the minerals. Publications I and II introduce Raman

spectroscopy for calibrating and linking the fluorescent colors to the relevant

minerals. Non-negative least squares (NNLS) optimization algorithm was ap-

plied in Publication I as a novel technique for spectral analysis of Raman

spectroscopy. The NNLS method is basically a linear least squares approach

(a) (b) (c)

Figure 3.3. Refined image using ΔE value: (a) Separation of quartz pixels using hue
value (b) Pixels of dust on the surface of drill core (c) Pixels of pure quartz
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but with constraints of having only positive values of coefficients. The applica-

tion of NNLS for Raman spectral analysis was introduced by Kauppinen et al.

(2013). The mineral identification using traditional point-counting techniques

assume that each spectrum is representative of only one mineral. However,

in this work NNLS was used to enable identification of multiple minerals in a

single spectrum.

The NNLS optimization algorithm is defined as follows. Vector d = (d1, ..., dn)T

defines the coefficients of reference spectra (1,...,n) included into the solution

so that the linear combination of reference spectra builds the sample spectrum.

Vector x is the sample spectrum containing the measured Raman counts as a

function of wavenumber. The intensities of the reference spectra as a function

of wavenumber are included into the columns of matrix R. The NNLS problem

is therefore given as

mind FNNLS(d)

= mind ||xsample − Rrefd||2

d ≥ 0

(3.7)

where ||.|| denotes the L2 norm. The purpose is to solve d which defines the

coefficients at which different reference spectra are summed up to form the

sample spectrum. Ultimately, the values of d denote the contribution of each

reference spectrum for building the sample spectrum, and this can be used for

identification of multiple minerals per measured spectrum.

3.3 Logistic regression

Classification or categorization of data is divided into supervised and unsu-

pervised learning. Supervised learning is based on making a model using some

historical observations and estimating the outcomes of new events. Unsuper-

vised learning is based on inferring a hidden model from some unlabeled data.

The main difference between the two approaches is the labeling of data which

means that for supervised learning there exist some training examples with

known outcomes and those outcomes are used as label for past events.

Consider x as an input variable or feature and y denotes the output or a

target variable. The pair (xi, yi) represents a training point and the whole

training set of m data points is represented by: {(xi, yi); i = 1, ..., m} . X and
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Y are used to denote the whole space of inputs and outputs respectively.

Figure 3.4 represents a block diagram of the supervised learning algorithms.

The purpose is to find a predictor function, h, that estimates the output yi for

every given input xi. The function h is called hypothesis function in literature.

The parameters of function h are learned using the training data set.

Training
set

Learning

h predicted yx

Figure 3.4. Block diagram of supervised learning algorithm process

When the target is to predict a continuous y, the problem is regression and

when the output y consists of small number of discrete values the problem is

classification. Assume that we decide to predict y by a linear function of x

hθ(x) = θ0 + θ1x1 + θ2x2 + ... + θnxn (3.8)

where θ0 is intercept and considering x0 = 1, the notation for hypothesis

function can be written as

hθ(x) =
n∑

i=0
θixi = θT x (3.9)

where the parameters θ of hypothesis function are learned by minimizing the

following cost function E(θ):

E(θ) = 1
2

m∑
i=1

(hθ(x(i)) − y(i))2. (3.10)

The purpose is to use an algorithm which iteratively updates θ (parameters)

so that the cost function E is minimized. A common optimization algorithm

for logistic regression is gradient descent also known as steepest descent. Gra-

dient descent is a first-order iterative optimization algorithm which is based
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on recursive updating of parameters in the direction of negative of gradient.

It starts by an initial guess for parameters and takes steps proportional to the

negative of first derivative of cost function

θj := θj − α
∂

∂θj
E(θ). (3.11)

For simplification we calculate the derivative of cost function for only one

training point (xi, yi) and to simplify further one training point is represented

by (x, y). In this way the sum can be neglected for the moment and the

derivative of cost function is

∂

∂θj
E(θ) = ∂

∂θj

1
2(hθ(x) − y)2

= (hθ(x) − y). ∂

∂θj
(

n∑
k=0

θkxk − y)

= (hθ(x) − y)xj .

Therefore, the update rule of parameters for each training point (xi, yi) will

be

θj := θj + α(y(i) − hθ(x(i)))x(i)
j (3.12)

where i is the index of input variables, j is the parameters index and the

notation ’:=’ indicates updating of a parameter (not equality). So far the

discussion was about learning parameters of a hypothesis function (h) which

predicts the outputs or solves a regression problem. When the problem is

about data classification, a simple case is a binary classification where only

classes of 0 and 1 are the outputs and the hypothesis function should be

modified so that the output of h leads to making a decision about class 0 or

1. In logistic regression the hypothesis function changes to a logistic function

e.g. a sigmoid function

hθ(x) = g(θT x) = 1
1 + e−θx

. (3.13)

We can represent θT x by the term z. It should be noted that for all values

of z the output of logistic function is between 0 and 1 (see Figure 3.5). When

z is greater than zero, the output of logistic function is between 0.5 and 1 and

when z is less than 0, output of logistic function is between 0 and 0.5. This is

a significant property resulting in its broad usage for data classification.
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Figure 3.5. Plot of sigmoid function

Given the properties of sigmoid function, the probability of being in class 1 or

0 can be written as

P (y = 1|x; θ) = hθ(x)

P (y = 0|x; θ) = 1 − hθ(x),

or in a compact way

p(y|x; θ) = (hθ(x))y(1 − hθ(x))1−y.

Assuming that the variables (X) are independent and identically distributed

(iid), the likelihood function of parameters is

L(θ) = p(�y|X; θ) =
m∏

i=1
p(yi|xi; θ) =

m∏
i=1

(hθ(xi))yi(1 − hθ(xi))(1−y(i)). (3.14)

In order to simplify the calculations, the logarithm of likelihood function is

commonly used. The updates of parameters will then be performed by maxi-

mizing the log likelihood

log L(θ) =
m∑

i=1
y(i) log h(x(i)) + (1 − y(i))(log(1 − h(x(i)))), (3.15)

Therefore, equation 3.12 will be changed to

θj := θj + α∇θj
log L(θ), (3.16)

where ∇ is the gradient sign. It should be noted that the negative sign in

equation 3.11 has now been converted to positive sign because we are maxi-

mizing the the cost function (log likelihood) rather than minimizing. In fact
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the update rule of parameters is now based on gradient ascent. Given the first

derivative of logistic function

g′(z) = g(z)(1 − g(z)) , (3.17)

and applying it to equation 3.16, ultimately the update rule of parameters will

be

θj := θj + α(y(i) − hθ(x(i)))x(i)
j . (3.18)

It is important to note that equation 3.18 is different from equation 3.12. In

equation 3.18 the hypothesis function (h(x)) is a non-linear function defined

by equation 3.13. The term α is learning rate and large values of that might

cause overshoot and not divergence of the optimization algorithm and small

values of that will significantly slow down the optimization process. For more

information refer to the lecture notes of Ng (2000). When there are large

number of features, there is the risk of over-fitting of the trained model. Over-

fitting happens when a model is trained by too many parameters to fit to the

data. To prevent the over-fitting, regularized logistic regression is applied.

Regularization is performed by adding a penalty term in the cost function

when updating the parameters. The cost function is defined by

E(θ) = [−1
m

m∑
i=1

y(i) log h(x(i)) + (1 − y(i)) log(1 − h(x(i)))] + λ

2m

n∑
j=1

θ2
j , (3.19)

where λ is the parameter of regularization. Large value of λ pushes majority of

the parameters (θ) to zero or close to zero and vice versa. There is a trade-off

between the size of λ and the quality of model. The regularization term is used

when there are large number of features and only few of them are important.

Ng (2004) provides a detailed description of the regularized regression.

3.4 Principal component analysis and singular value
decomposition

The process of transforming the data from a high-dimensional space to a space

of fewer dimensions is called dimension reduction. Principal component anal-

ysis known as PCA is one of the most common linear methods for dimension

reduction. PCA is a statistical technique that transforms a set of correlated
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variables into a set of linearly uncorrelated variables called principal compo-

nents (Basilevsky, 2009).

The data are transformed so that the variance of the data in the direction of

the first principal component is maximum and the second principal component

introduces the second direction with second largest variation of data and so

on. However, the principal components should follow the constraint of being

orthogonal. Prior to implementing PCA, scaling of variables is important

because the features with larger scales dominate others and this will result in

erroneous conclusions. PCA method calculates the principal components by

eigenvalue decomposition of data covariance matrix

R = 1
n

XT X , (3.20)

where R is the covariance matrix and X is assumed to be an n by m matrix

of input variables. The covariance matrix can be decomposed to matrices of

eigenvectors and eigenvalues

R = ΘΛΘT , (3.21)

where the eigenvectors Θ = (θ1|...|θm) of the data covariance matrix are called

principal components or loadings and the projected data points to the direc-

tion of loading vectors Z = XΘ are called scores or latent variables which

are mutually uncorrelated. Λ is a diagonal matrix containing eigenvalues of

corresponding eigenvectors, Λ = diag{λ1, ..., λm}. Λ is also interpreted as the

variance of each score vector zi indicating the importance of corresponding

principal component (θi), λ1 >= λ2 >= ... >= λm. It has been assumed that

the data are mean-centered and variance scaled. Matrix X with rank d is then

a linear combination of loading vectors (principal components) weighted by

scores (transformed data (z))

X = z1θT
1 + z2θT

2 + ... + zdθT
d = ZΘT . (3.22)

PCA provides many advantages. For example, the principal components

with largest corresponding eigenvalues include the data with largest signal to

noise ratio and principal components with small corresponding eigenvalues can

be interpreted as noise. This is one way of mitigating the noise from the data

so that the dimension of data is reduced by selecting only l<d PCs

X ′ ≈ z1θT
1 + z2θT

2 + ... + zlθ
T
l . (3.23)
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It is important to note that X ′ is an approximation of the original X because

after dropping (d − l) of eigenvectors, some information (noisy data) is lost.

Hyötyniemi (2001) provides a complete and detailed description of multivariate

regression techniques including different approaches of dimension reduction.

Eigenvectors of a data matrix are mutually orthogonal and this is a signif-

icant property of eigenvectors and a fundamental reason for using space of

eigenvectors as a proper space for data analysis. The steps of deriving eigen-

values and eigenvectors are explained in details by Strang and Borre (1997).

An alternative method for PCA is singular value decomposition known as

SVD. This technique enables decomposing every kind of matrix into orthogonal

components. SVD decomposes the matrix Xn×m into

Xn×m = Ξn×nΣn×mΨT
m×m (3.24)

where Ξn×n and ΨT
m×m are unitary or orthogonal matrices and Σn×m is a

diagonal matrix with non-negative real numbers on the diagonal. There is

direct relation between PCA and SVD. Given matrix decomposition formula

of SVD defined by equation 3.24, we have

R = 1
n

XT X = 1
n

ΨΣT ΞT ΞΣΨT = 1
n

ΨΣT ΣΨT = Ψ 1
n

ΣT ΣΨT

= (ψ1|...|ψm) 1
n

⎡
⎢⎢⎢⎢⎢⎣

σT
1

. . .

σT
m

⎤
⎥⎥⎥⎥⎥⎦

⎛
⎜⎜⎜⎜⎜⎝

ψT
1
...

ψT
m

⎞
⎟⎟⎟⎟⎟⎠

(3.25)

where ΞT Ξ = In and ΨT Ψ = Im due to orthogonality. Ultimately, comparing

equation 3.25 with equation 3.21 provides the relation between SVD and PCA

θi = ψi, λi = 1
n

σ2
i , Z = ΞΣ. (3.26)

Therefore, matrix Ψ is derived from eigenvalue decomposition of matrix

XT X and correspondingly it can be shown that matrix Ξ is derived from

eigenvalue decomposition of XXT . When m is larger than n for Xn×m, SVD

is computationally less expensive than PCA because the matrix of eigenvalues

(Σ) and the matrix of score vectors (Z = ΞΣ) are calculated by computing

only Ξ. Since XXT has less dimension than XT X, the computation of XXT

will be faster. This property of SVD has resulted in application of SVD more

than PCA.
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3.5 Partial least squares regression

Partial least squares (PLS)(Wold, 1985) regression is a common technique in

chemometrics. PLS is the main regression approach used in publications IV,

V, VI of this research. PLS is a well-known statistical method introduced by

Wold (1985) and can be considered as the extension of principal component

regression (PCR). PCR is a suitable alternative for linear regression when

there are large number of predictor variables and those predictors are highly

correlated. The basic linear regression follows the form

Y = XF + E (3.27)

where E is the error term and F is the matrix of parameters to be identified

(equivalent with hypothesis function described by Figure 3.4). Using the least

squares solution, the formula for calculating matrix F is as follows

F = (XT X)−1XT Y. (3.28)

When there is correlation between input variables the solution of multivari-

ate linear regression is usually not optimal because some variables do not

contain more information than others and those dimensions just increase the

complexity of model. In this case, PCR is introduced as a solution. PCR is

combination of PCA and linear regression. It solves the problem of collinearity

between input variables by first projecting the data into PCA subspace where

score variables are mutually uncorrelated. Given the dimensionality reduction

property of PCA, the dimension of new space can be even reduced. Then from

the new space it predicts the output using score variables. PCR performs the

regression by taking only the variance of input variables into account. How-

ever, when the purpose is to predict multiple outputs (e.g. concentration of

multiple minerals), the correlation between output variables might be impor-

tant to be considered ( e.g. presence of one mineral can affect concentration

of other minerals). Neither multivariate linear regression nor PCR can gener-

ate a model which considers the correlation between both input and output

variables. PLS is capable of overcoming the collinearity between independent

variables and it takes the correlation between both inputs and outputs into ac-

count. It is a useful technique when the target is to predict a set of dependent

variables from a large set of independent variables. The PLS model makes
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a linear mapping, B , between the independent variables, X , and dependent

variables, Y

Y = XBpls + F (3.29)

where F is the residual term. The purpose is to compute matrix Bpls so that

the structure of both data matrices X and Y are taken into account. Both

matrices are interpreted as a product of scores and loadings, which are further

utilized in the model estimation

Y = UΦT + G (3.30)

X = ZΘT + E (3.31)

where U and Z are the scores and Φ and Θ are the loading vectors of Y and

X respectively. PLS uses a subset of latent variables (l < m ) that we can

represent them by matrix Z ′ to approximate the predictor data X. Therefore,

the scores Z ′ are related to the predictor data with n × l weights specified in

matrix W ∗

Z ′ = XW ∗. (3.32)

Furthermore, it is assumed that the scores of X can be used as predictors of

Y

Y = Z ′ΦT + F (3.33)

which gives the original mapping as in equation 3.29

Y = XW ∗ΦT + F = XBpls + F. (3.34)

It can be seen that equation 3.34 is equivalent with general structure of

multivariate linear regression represented by equation 3.27. So far, the PLS

regression was explained using eigenvalue-based approach. However, in prac-

tice the latent variables are computed by an iterative algorithm called non-

linear iterative partial least squares (NIPALS) (Geladi and Kowalski, 1986).

NIPALS is faster than eigenvalue-based computation of PLS and it computes

only the first few required latent variable dimensions rather than computing

the whole components of a high-dimensional structure. The idea behind NI-

PALS algorithm is to use a matrix of weights W as the projection of X so that

Z has the maximum correlation with U
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1. Initialize Ui. Use one of the columns of Y randomly as initial guess of U

2. wi = XT Ui

(UT
i Ui)

. Calculate X weight

3. Zi = Xwi. Calculate X score

4. φi = Y T Zi

(ZT
i Zi)

. Calculate Y loading

5. Ui = Y T φi

(φT
i φi)

. Calculate Y score

6. repeat steps 2. - 5 until U is converged and there is no more change on

that.

7. deflate X and Y matrices: X ← X − Ziθ
T
i , Y ← Y − Ziφ

T
i

3.6 Model selection and validation

When training a model, it is important to avoid the overfitting of the model.

Overfitting happens when a complex model with large number of parameters

is trained to the dataset. In case of PLS model, the complexity is defined by

the number of latent variables in the PLS model. Selecting a large number of

latent variables causes the overfitting of the model. Therefore, the regulariza-

tion of the model is performed using the idea of early stopping which means

selecting the minimum number of latent variables suitable for modeling. Part

of the dataset is used as test set or validation data and the rest as training

data. Leave-one-out cross validation is a reliable method commonly used for

model selection. At each iteration of the algorithm, one spectrum is left out

for validation and the rest of spectra are employed for training. The algorithm

runs with the number of training data and the mean squared error (MSE) of

both training and validation data are calculated for each mineral separately as

a criterion for model selection. At the end, the average error of training data

(called training error) and validation data (called validation error) are calcu-

lated for each dependent variable (minerals in this work). When the training

error and validation error are plotted for each number of latent variables, we
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see a graph like Figure 3.6. As the model complexity increases, the training

error goes to zero. However, the validation error follows an elbow shape, it

improves to a point and then becomes progressively worse. The optimal num-

ber of latent variables is selected when the validation error is around a local

(or global) minimum at the same time that training error starts having steady

decrease.

0 1 2
0.0

0.5

Training error

Test error

Figure 3.6. Model selection

Estimation error is simply defined by the difference between true and esti-

mated values

E = Y − XF (3.35)

where F is the matrix of trained parameters. Mean square error is defined by

the average of the estimation errors

MSE = 1
n

ET E = 1
n

n∑
i=1

(y(n) − F T x(n))2. (3.36)

The quality of a trained model is usually expressed by coefficient of deter-

mination or R2 value

R2 = 1 − (Y − XF )(Y − XF )T

(Y − Ȳ )(Y − Ȳ )T
(3.37)

where Ȳ denotes the mean value of output. Generally, R2 value explains the

relative amount of variance explained by the model.
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4. Results and discussion

The results of this thesis include mainly two achievements 1- rapid mineral

identification from the surface of drill core samples, 2- online and quantitative

mineral identification of slurry streams of an iron ore concentrator. The core

topic of this thesis is data-fusion of different available measurement techniques

in order to improve the process of mineral identification. This work introduces

knowledge extraction by integration of spectra obtained by various measure-

ment techniques. There is no need for further instrumentation or investment

in device development.

4.1 Drill core surface scanning and mineral map generation

The purpose of Publication I was to evaluate the possibility of rapid abun-

dance calculation of fluorescent minerals on the surface of drill core samples.

The sample set under study are segments of rock drill core collected from Ke-

vitsa mine of FQM Kevitsa Mining Oy, Finland. Kevitsa deposit holds nickel,

copper, cobalt, platinum, palladium and gold. Kevitsa intrusion is comprised

of ultramafic olivine pyroxenites and peridotites in the northeast, gabbro in

the west and central sections and predominantly granophyre in the south.

This work proposed for the first time a combined Raman spectroscopy and

LIF-imaging technique for rapid surface scanning of the drill core samples.

It turned out that Raman spectroscopy provides precise mineral identifica-

tion but since it is very slow measurement technique and has week emissions

specially for iron-bearing minerals, it was used for calibration of LIF-imaging

technique.

Although LIF-imaging does not enable concurrent identification of broad

range of minerals, it enables identification of some fluorescent minerals impor-
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tant for geologists. The abundance of albite, magnesite, quartz and a group

of amphiboles were calculated rapidly. The merger of Raman spectroscopy

and LIF image analysis demonstrated the ability to detect and locate the

constituent minerals of rocks on the round-side surface of the drill core sam-

ples. The method facilitates direct scanning of the drill core without sample

preparation (except for cleaning of the drill core surface).

Publication II continued and further validated the approach presented in

publication I by testing the method on the new drill core samples. The new

collected drill core samples were three pieces of drill cores from Kevitsa mine,

each one two meters length from the depths of 67, 200 and 340 meters below the

ground surface. Actinolite, augite, dolomite, chalcopyrite, enstatite and albite

were the minerals that could be qualitatively identified with combined Raman

and LIF-imaging technique. The mineralogy of the drill core samples were

provided by the laboratory of Kevitsa mine and using X-ray diffraction (XRD)

technique. Considerable amount of albite was identified by LIF-imaging in drill

core sample 7517802 while it was not reported by the XRD measurement of

the samples. Existence of albite in Kevitsa ore samples had been confirmed

by geologists of Kevitsa mine. Consequently, it can be deduced that LIF-

imaging can give complementary information to other assaying techniques such

as XRD.

Generally, geologists are enthusiastic about a mineral map of the drill core

samples for logging purposes. Moreover, all the mines or geological survey

companies are interested to provide a comprehensive database of minerals

for future analysis. Therefore, the advantage of developing techniques like

combined LIF and Raman which lead to faster scanning of the samples and

occasionally provides complementary information is intuitive. An important

achievement of this work presented within Publication II was the generation

of a mineral map from the round side surface of the drill core samples. Such

mineral maps provide coordinates of the constituent minerals at different levels

below the ground surface. The surface scanning technique was automated

using a logistic regression technique for mineral classification.

4.1.1 Positives, negatives and significance of the work compared to
the state-of-the-art

There are several works reporting mineral exploration using surface scanning.

Chatterjee (2012) reports image processing techniques for classification of rock
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types. However, their approach is case-specific for a limestone deposit and

is not a general approach applicable to different types of mineral deposits.

Kuhn et al. (2016) reports surface scanning of drillcore samples using LIBS

technique and they validate their approach by comparing their results with an

energy-dispersive X-ray fluorescence. However, LIBS technique was slow as it

is a point-wise measurement technique. Although X-ray fluorescence covered

larger area of the surface, both LIBS and XRF provide elemental information

and X-ray was used in laboratory conditions. Yi et al. (2017) introduces a

combined LIBS and LIF setup for measuring Pb element in soil plasma. To

eliminate the interference of the LIBS lines of other present elements, a LIF

excitation process was added to the LIBS system. The plasma was further

illuminated by a LIF system resulting in great enhancement of the LIBS tran-

sition lines. However, the technique was applied to identify only one element

(Pb) and was slow for large throughput analysis.

The main advantage of the combined LIF-imaging and Raman spectroscopy

compared to the other works is the high speed of scanning and analysis. More-

over, the technique is providing on-site mineralogical information which helps

geologists and improves drillcore sorting or rock classification. While many

laser-based scanning techniques have poor performance on the round-side sur-

face of the drillcore samples or they are susceptible when the surface is not

smooth, the proposed LIF-imaging with high energy of the laser and longer

exposure time of camera is less susceptible to the surface condition.

It is important to note that prior to LIF-imaging measurement, Raman spec-

troscopy should be performed sporadically on some samples to provide some

reference data for calibrating LIF-imaging. However, Raman spectroscopy has

a complex measurement technique and it is usually applied in laboratory con-

ditions. Therefore, calibration of LIF-imaging with Raman spectroscopy is

a slow measurement procedure. Additionally, LIF-imaging enables identifica-

tion of only fluorescent minerals and does not provide information about broad

range of minerals. Therefore, the mineralogy of the samples will influence the

usability of LIF-imaging technique.
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4.2 Qualitative mineral identification using LIBS technique

Section 2.2.4 discussed the increasing trend of LIBS application in multiple

engineering fields. The wide range of the elements which can be detected by

LIBS and the simplicity of the measurement setup are the main reasons for

broad application of LIBS specially for fast scanning purposes. The current

phase of this research focused on the mineral interpretation from the elemental

contents of LIBS using statistical methods.

There are a variety of approaches in the literature for data processing of

LIBS spectra. The data processing techniques are divided into supervised and

unsupervised as explained in section 3.3. Conventional methods for LIBS data

processing are unsupervised learning techniques. Principal Component Anal-

ysis (PCA) is very commonly used for LIBS data processing. However, this

process of data analysis is usually performed off-line so that a large set of the

measured spectra are stored into a matrix and the data are clustered using

PCA technique. Then, each cluster is interpreted in terms of the present ele-

ments. The number of clusters, interpretation of clusters and their correlation

with the present elements are usually performed with uncertainties because

there is not any standard way for interpretation of the clusters (Rosen-Gooding

et al., 2014). Moreover, for rapid sorting of the drill core samples the process

of scanning should be fast and automated and this research work sought to

address this problem.

According to the report of Gaft et al. (2007), elemental contents of the

same samples usually have constant ratios of LIBS line intensities and this

fact initiated the idea of mineral interpretation from the available elemental

LIBS lines. Publication III proposed a novel application of singular value

decomposition (SVD) for automated scanning of the drill core samples. The

proposed approach was a supervised learning application of SVD. First, a

reference database of the present minerals was produced so that purred (or

high-grade) minerals of interest were measured by LIBS technique. For each

target mineral, an average of multiple measured spectra was evaluated and

the most representative, significant and repetitive peaks were selected as the

characteristic of the target mineral. This process of database generation was

considered as part of the calibration and was time-consuming. However, it

was done prior to automated scanning of the samples. The next step was to

evaluate the spectrum of each new measured pulse and to determine whether
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it contained any of those minerals in the database.

The reference spectra were stored into a matrix. Every new measured spec-

trum was appended to the end of the matrix and the next step was to realize

whether the measured spectrum contains any of the target minerals. Using

SVD the dimension was reduced to three (it was sufficient for analysis and

enabled visualization too) and each reference and measured spectrum was

represented as a point in the three dimension space produced by SVD. When

a measured spectrum contains one or multiple minerals of the database of

reference spectra, the corresponding points of those spectra in the 3-D space

will place in the close vicinity of the measured spectrum (see Figure 4.1). This

approach was used to identify the presence of minerals at each measured point.
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Figure 4.1. Scatter plot of the first three scores. Chalcopyrite is the nearest neighbor of
the measured spectrum

Using the discussed approach, publication III demonstrated how qualitative

mineral identification of LIBS technique can provide complementary informa-

tion for LIF-imaging. Chalcopyrite was a very important mineral for copper

identification in Kevitsa mine of Finland and this mineral was not responsive

by either of LIF-imaging and Raman spectroscopy. The proposed LIBS min-

eral identification enabled reliable detection of chalcopyrite on the surface of

the drillcore sample.

Another achievement reported by publication III was the detection of mul-

tiple minerals in one measurement. Due to the overlapping of the elemental

LIBS lines, usually each mineral is studied and identified separately by select-

ing the relevant LIBS lines (Gaft et al., 2007). However, the proposed method

in this work enabled multi-mineral identification within one spectrum. LIBS

along with the proposed mineral identification approach was applied on two
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pieces of high- and low-grade hematite drill core samples. For the mine under

study, the criterion for separating the drill core samples was the abundance

of hematite compared to the amount of quartz. A high-grade ore had at least

60% of hematite and a low-grade ore contained less than 40% of hematite.

Hematite and quartz were the most abundant and dominant minerals on the

surface of the drill core samples and their grains were almost mixed. After

scanning the surface of the drillcore samples, the measured LIBS spectra con-

tained mixed elemental lines of quartz and hematite. Using the proposed data

processing technique, quartz and hematite were identified in all spectra and

this led to successful sorting of the drill core samples.

4.2.1 Positives, negatives and significance of the work compared to
the state-of-the-art

The older research works were performing spectral analysis mainly by selecting

relevant elemental LIBS lines in the spectra and identifying the presence of

each element by its LIBS lines or by using dimension reduction techniques

like PCA to achieve a general view about the collection of elements in the

clustered data ((Rosen-Gooding et al., 2014) & (Gaft et al., 2008) & (Gaft

et al., 2014) & (Haavisto et al., 2013a)) . The more recent works have reported

more of supervised learning techniques for quantitative LIBS spectral analysis

((Washburn, 2015) & (Kuhn et al., 2016) & (Zhang et al., 2015)). Despite

all advances and successful reports for LIBS spectral analysis, there is still

a lack of mineral identification from the elemental LIBS lines. Majority of

the works have focused on the accurate elemental identification techniques.

This research proposed a supervised learning technique for qualitative mineral

identification from the LIBS spectra. It exploits the information in elemental

LIBS lines and extends the knowledge about the presence of minerals.

The advantage of the proposed SVD-based LIBS analysis method compared

to the other reported approaches is the suitability for rapid surface scanning

and providing mineralogical knowledge for drill core sorting. The technique

also makes the identification of multiple minerals in one spectrum possible.

Moreover, preparing the reference spectra is performed by the same LIBS

setup and there is no need for measuring the samples in laboratories using

other techniques.

However, when applying a point-wise measurement technique like LIBS for

drill core sorting, it would be extremely important that the minerals are evenly

52



Results and discussion

distributed so that scanning a small volume on the surface of the sample

can be representative of larger volume. Preparation of high-grade samples

for reference spectra can be a challenging and time-consuming process and

usually the knowledge of geologists is required. It is also important to note

that the proposed technique is qualitative identification of minerals which

enables abundance calculation on the surface. Therefore, the technique is not

suitable for mineral identification of low-grade samples with sparse distribution

of minerals. Additionally, the smoothness of samples surface will influence

the quality LIBS spectra. Rugged samples cause variations on the distance

between the hitting point on the surface and the laser source and this will

attenuate the quality of the measured spectra.

4.3 Quantitative mineral identification of tailing slurries using
LIBS technique

After drill core surface scanning and qualitative mineral identification, this

research focused on quantitative mineral identification specially in slurry flow

streams. Publication IV discusses the importance of online mineral identifica-

tion for optimized process control. The samples under study were 14 tailing

slurry samples collected from an iron ore concentrator. The process of separa-

tion was magnetic and gravity followed by a reverse cationic flotation of quartz.

The purpose was to measure the grade of valuable minerals prior to flotation in

order to bypass the flotation circuit if the grade is high enough. Moreover, the

flotation properties of quartz is different from other mixed silica, and therefore

the online measurement of Si-bearing minerals was advantageous.

Partial least squares (PLS) regression was the analytical technique used for

mineral identification. The training dataset for learning the PLS model was

provided by mineral liberation analyzer (MLA) method in laboratory. A draw-

back of LIBS technique was the inability to distinguish between hematite and

magnetite due to their identical elemental contents. Therefore, the collection

of them was measured as Fe-oxides. Quartz and Fe-oxides were the most

abundant minerals and their concentrations were estimated with coefficients

of determination 70% and 82% respectively. The PLS model for quartz and

Fe-oxides were trained with 2 latent variables which explains the robustness

of the model (very unlikely to be overfit). Biotite, glauconite, ferrorichterite

and stilpnomelane were other minerals that could be identified by PLS regres-
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sion. However, the concentration of those minerals were less than quartz and

Fe-oxides, and therefore the trained models for them were more complex and

less robust.

For K-feldspar, augite, actinolite and a group of unknown minerals, the

training of PLS model failed. K-feldspar was justified by the fact that the

two major elemental LIBS lines of potassium occur at 766 nm and 769 nm

wavelengths and those two wavelengths were not in the detection range of the

applied spectrometer. The rest of the minerals were not identified due to their

very low concentrations .

The novelty in Publication IV is the feasibility to identify multiple minerals

in the accumulated LIBS spectra. NIPALS-based PLS algorithm generates a

model employing linear combination of the accumulated intensities per LIBS

wavelengths so that the spectral changes are correlated with the mineral con-

centrations. For implementation in real world applications, the model training

should be done carefully by assuring that model is not overfit (e.g. large num-

ber of latent variables).

4.3.1 Positives, negatives and significance of the work compared to
the state-of-the-art

On-stream measurement of the aqueous samples is challenging since particles

are moving, surface has ripples and humidity of water attenuates the plasma

temperature which causes weak signal-to-noise ratios. Several studies have

reported approaches to overcome the problems generated by wet or aqueous

samples. Eseller et al. (2010) presents LIBS application on dried slurry sam-

ples prepared on PVC coated slides. Ayyalasomayajula et al. (2011) converts

liquid measurement to almost solid-sample measurement and applies a new

spin-on-glass sampling method. However, those techniques are performed on

the dried samples which needs time-consuming sample preparations. Oh et al.

(2007) reports a circulating sampling system in order to enable direct mea-

surement of liquid samples. However, there was the problem of LIBS intensity

variations which results from the surface fluctuations. To enable in-situ and

on-stream analysis of slurry samples, a proper sampling method is required

to significantly improve sensitivity and repeatability. Publication IV of this

study applied the circulating sampling system discussed in section 2.3.5. The

slurry was scanned by the LIBS system while slurry was flowing through a ver-

tical surface and a fixed point on the surface was measured using LIBS system.
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This approach reduced the surface fluctuations and made the measurements

more stable.

Each slurry sample was circulated into a LIBS measurement cell and sev-

eral LIBS spectra per slurry sample were produced. The spectra were then

accumulated and the process was repeated three times. Then, the three ac-

cumulated spectra were averaged and formed into a matrix of independent

variables for 14 samples. Considering the hypothesis that the noise of natural

processes and measurement setups have the characteristics of the white noise,

it was expected that the accumulation and averaging of the spectra should ma-

jorly reveal the elemental peaks and diminish the noisy magnitudes and the

results validated the hypothesis. Later, some other research works reported

almost similar approach for slurry sampling and measurement (Cheng et al.,

2017). However, they focused only on the elemental analysis, and the online

and quantitative mineral identification has not been reported.

This study successfully reported quantitative identification of the important

minerals for better process control of an iron-ore concentrator under study.

However, distinguishing some important minerals such as hematite and mag-

netite could not be achieved. Moreover, the identification of ferrorichterite

as another important iron-bearing mineral was less reliable than other iron-

bearing minerals (small coefficient of determination (69%) and larger number

of variables for the PLS model). These problems were addressed within the

continuation of this work and reported in Publication V. Application of LIBS

technique on slurry samples should be resistant to the humidity generated by

water. This problem is roughly resolvable by applying an air vacuum around

the measurement point.

4.4 Online mineral identification by data fusion of LIBS,
reflectance spectroscopy and XRF measurement techniques

Publication IV discussed online mineral identification of slurry samples using

LIBS technique. The main drawback of LIBS technique for mineral identifica-

tion was incapability to distinguish between minerals like magnetite (Fe3O4)

and hematite (Fe2O3) due to their identical elemental contents.

Publication V is the extended work of Publication IV. It focuses on the

capabilities of different slurry analyzers widely applied in the industry such as

LIBS, reflectance spectroscopy and XRF. Each slurry analyzer provides online
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identification of some important elements and minerals. The hypothesis of

publication V is that instead of physical combination of the measurement

techniques, linear combination of their measured spectra leads to faster and

more efficient identification of minerals.

One of the particularities of reflectance spectroscopy technique is the ability

to measure hematite so that the characteristic spectrum of hematite is well-

represented in the reflectance spectroscopy technique (magnetite is less repre-

sented than hematite),(Brown et al., 2006). This research work presents data

fusion of LIBS and reflectance spectroscopy and then discusses the data fusion

of reflectance spectroscopy and X-ray fluorescence (XRF) measurement tech-

niques operating on the same slurry samples. The results will show that such

data integrations enable on-stream and quantitative identification of slurry

mineral contents specially for hematite, magnetite, quartz and ferrorichterite

which are important minerals in iron ore beneficiation.

The samples set under study were the same samples used in Publication

IV. Table 4.1 shows the coefficients of determination for different minerals

and measurement techniques. Publication IV concluded that LIBS enabled

reliable estimation of total Fe content. Therefore, data fusion of LIBS and re-

flectance spectroscopy was evaluated. The data fusion of LIBS and reflectance

spectroscopy improved the estimation of all minerals compared to LIBS tech-

nique alone. Using reflectance spectra alone, hematite could be identified with

better coefficient of determination (73%) compared to the combined LIBS and

reflectance spectra (61%). However, the model of hematite using the combined

LIBS and reflectance spectra was selected more reliably (model was trained

with less number of variables and therefore was more robust).

In this work XRF spectra of the measured slurry samples contained few

peaks mainly related to iron, and therefore the on-stream mineralogical iden-

tification of slurries using XRF alone was not feasible. The two XRF iron

lines were appended to the measured reflectance spectra. Clear PLS models

for hematite, magnetite and quartz could be trained. It was demonstrated that

the combined XRF and reflectance spectroscopy technique was outperforming

other techniques for hematite, magnetite and quartz estimation, Table 4.1.

The results were justified so that XRF technique is able to accurately mea-

sure the total Fe content using the iron energy lines of XRF spectra around

6.40 keV and 7.06 keV. Magnetite is strongly correlated with total iron content.

On the other hand, reflectance spectroscopy enabled accurate measuring of

56



Results and discussion

hematite contents. Therefore, the linear combination of XRF and reflectance

spectra was expected to estimate the hematite and magnetite contents accu-

rately. The concentration of minerals assayed by MLA technique in laboratory

showed that quartz and total iron contents are highly correlated. Therefore,

the proposed analysis certainly benefits from the strong inverse correlation

between iron and quartz.

Table 4.1. Summary of the results including the R-squared values of minerals content
estimations

Mineral LIBS LIBS+reflectance Reflectance XRF+reflectance

R2 (%) R2 (%) R2 (%) R2 (%)

Quartz 69 88 85 95

Magnetite 78 92 87 94

Hematite 23 61 73 85

Ferrorichterite 52 83 79 59

It should be noted that LIBS technique is able to identify more minerals than

XRF as it provides broader range wavelengths. Since ferrorichterite contains

light elements and it was discussed in Section 2.2 that LIBS has better perfor-

mance than XRF when measuring elements lighter than titanium, therefore

combined LIBS and reflectance spectra enabled more accurate measuring of

ferrorichterite than other techniques .

Generally, the selection of suitable analyzers or the right fusion of the mea-

surement techniques should be performed based on the mineralogy of the slurry

samples and available analyzers in the plant. Publication V presented some

potentials of different measurement techniques and advantages of their data

fusion.

4.4.1 Positives, negatives and significance of the work compared to
the state-of-the-art

It was discussed in multiple sections of this report that the main novelty of

this research study is developing data analysis and measurement techniques

enabling online identification of minerals. There are not many research works

reporting online identification of minerals. McMillan et al. (2007) presents

qualitative mineral identification of carbonate and silicate families using cor-
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relation coefficients between LIBS spectra of similar minerals. However, they

reported miss-identification of similar minerals due to their similar elemen-

tal contents such as Ca-Mg carbonates and Ca-Mg silicates. Moreover, their

approach enabled only rough estimations about presence of some minerals.

This research work could overcome such problems using spectral fusion of

reflectance spectroscopy with LIBS or XRF techniques.

Although there are some research works reporting feasibility of fast and

quantitative mineral analysis using reflectance spectra obtained from visible

and near infrared to shortwave infrared (VNIR and SWIR) wavelengths (see

(Haest et al., 2012a) and (Haest et al., 2012b)), their approach was accom-

plished and tested for solid samples and not for slurries. This research work

exploits the information provided by reflectance spectroscopy alongside LIBS

and XRF spectra and provides valuable information about present minerals

in the slurries.

To the best knowledge of the author, insufficient amount work has been

taken place for the data fusion of different measurement techniques or for

the purpose of online mineral identification. There are outdated works such

as Wiens et al. (2002) reporting application of reflectance spectroscopy and

laser-induced breakdown spectroscopy together. However, their approach is

a non-automated or offline comparison of results in order to acquire comple-

mentary mineralogical information. Previous works of our research group such

as (Haavisto and Hyötyniemi, 2009) have presented VNIR reflectance spec-

trum measurements as a supplemental assaying method for XRF analyzers.

However, the focus has been on the elemental analysis of the slurry samples

and not minerals. What distinguishes this work from other works is the way

that spectra of each measurement technique are pre-processed and combined

with the spectra of other measurement techniques for mineral identification.

Instead of separate analysis of spectra and comparing the results to gain sup-

plementary information, we combine all the spectra and train a model which

generates a linear combination of all variables. However, the spectra should

be pre-processed properly so that all variables have similar importance (See

Publication V).

It is important to mention that the proposed data fusion techniques in this

research provided reliable estimations of abundant minerals and failed to iden-

tify low-concentration minerals.

The measurement issue related to reflectance spectroscopy is the suscepti-
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bility to the particle size and solids content of the samples. The solids content

and particle size vary depending on the feed ore properties and operating point

of the process. For large throughput analysis, the reflectance spectroscopy re-

quires recalibration of the model on some time intervals.

When XRF is applied on slurry samples, water in the slurry, protective

windows and air in the spectrometer causes attenuation of the signal and

this results in missing some elemental peaks specially elements below Ca.

Furthermore, the measurement time per sample of XRF is long and this leads

to missing detection of sudden grade changes.
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5. Conclusions

This thesis concentrated on the rapid mineral identification using data-based

analytical techniques. The main objective was to determine whether the data

of currently available measurement techniques could be utilized to extract

mineralogical information. The target was qualitative and quantitative min-

eral identification with smallest amount of investment or modification of the

instruments.

The research started by surface scanning of the drill core samples in order to

make the process of drill core logging faster. LIF-imaging was calibrated with

Raman spectroscopy, and mineral maps from the round side surface of the drill

core samples were produced. The detected minerals, however, were limited to

fluorescent minerals. The process of drill core scanning was automated using

a logistic regression. Mineral groups were detected based on their pixel colors

in digital images. However, application of LIF-imaging for surface scanning

is dependent to the type of ore and the important fluorescent minerals to be

identified.

A novel application of singular value decomposition (SVD) was proposed for

mineral detection from LIBS elemental spectra. It was shown that multiple

minerals in one spectrum could be qualitatively identified. The approach pro-

vided detection of chalcopyrite on the surface of drill core samples while it was

not detected using combined LIF-imaging and Raman spectroscopy. Finally,

the proposed analytical approach could be applied for rapid sorting of hematite

drill core samples. However, the drill core samples should contain composite

minerals of interest so that small fraction of the sample is representative of

the large volume.

Quantitative mineral identification of slurry samples using the elemental

spectra of LIBS technique was demonstrated. Partial least squares (PLS)

61



Conclusions

regression was the analytical technique used for mineral identification and

NIPALS was the algorithm used for learning the PLS model. LIBS was un-

able to distinguish between hematite and magnetite due to their identical

elemental contents. Quartz and total iron-oxides (magnetite and hematite)

were estimated with good accuracy. Identifying multiple minerals from the

accumulated spectra of several measurements was a novel approach proposed.

Additionally, the proposed PLS-based technique enabled identification of other

minerals such as biotite, glauconite, ferrorichterite and stilpnomelane.

The research continued by suggesting that linear combination of LIBS or

iron channels of XRF with reflectance spectra could improve the accuracy of

mineral identification. The linear combination was performed using PLS re-

gression. Reflectance spectroscopy mainly detects hematite due to hematite’s

characteristic spectrum and LIBS could measure the total iron-oxides. The

linear combination of their spectra using PLS model led to the estimation

of magnetite, quartz, ferrorichterite and hematite. On the other hand, XRF

could measure the total Fe content accurately. It was shown that linear com-

bination of two XRF iron channels with reflectance spectra performs better

than other techniques. Finally, quartz correlated well with the total iron con-

tent, so that the accurate Fe measurement by XRF improved also the quartz

estimates significantly.

In a more general perspective, the results of this thesis show that there are

capacities for further knowledge extraction from the available data generated

by different measurement techniques. This thesis discusses some potential

applications of data fusion for online mineral analysis. The right data fusion

or selection of suitable analyzers should be done with respect to the type of

ore and mineralogy of the samples.
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After discussing the results and achievements of this thesis work, some lines

of research are arising which are worth pursuing.

Firstly, the work on the surface scanning of the drill core samples using

LIF-imaging reported a qualitative identification of minerals from the round

side surface of the drill cores. Raman spectroscopy provided some reference

information about the present minerals and those references were used for

calibration of pixel colors in LIF digital images. It is beneficial to apply

analytical techniques in order to use the intensities of the color pixels as a

criteria for more quantitative analysis of the minerals. Moreover, Raman

spectroscopy has a complex measurement setup and it very slow for online

mineral identification. Data fusion of LIF-imaging with other rapid surface

scanning methods such as reflectance spectroscopy should provide faster and

more quantitative mineralogical analysis.

A second topic of research which follows Section 5.2, is an automated in-

tegration of information using advanced mathematical techniques. Publica-

tion III reported that LIBS technique could identify chalcopyrite which was

an important mineral for the mine under study, while it was not detected

by LIF-imaging or Raman spectroscopy. Although LIBS technique provided

complementary knowledge to LIF-imaging results, there is still a need to inte-

grate all the information in an automated way rather than just reporting the

acquired knowledge separately. Moreover, applying advanced probabilistic

methods may yield more conclusive results for the samples that their surface

are not representative of the whole volume.

It was discussed in Section 2.3.5 that reflectance spectroscopy measurement

is affected by the solids content and particle size of the slurry. Therefore, a

constant calibration model does not necessarily hold for long periods of time.
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Consequently, the requirement of frequent calibration hinders the application

of reflectance spectroscopy as a stand-alone online measurement technique.

Following from Publications IV and V, one of the advantages of combined

LIBS and reflectance spectroscopy is the possibility to calibrate the model of

reflectance spectroscopy with the results of online LIBS. However, as hematite

was not identified by LIBS alone while it was an important mineral for the

iron ore concentrator, the calibration of reflectance spectroscopy was left for

the extended work. Probably more elemental lines of XRF could assist the

calibration of reflectance spectroscopy.

Finally, there exist plenty of information in different sectors of mines and

those information should be further exploited. However, those information,

such as knowledge of geologists, should be collected in a structured format.

Then, the information should be quantified and after that they can be ap-

plied alongside other measured spectra as new variables. There are significant

works going on the advanced probabilistic methods such as Bayesian infer-

ence. These techniques use other sources of information as prior knowledge

for better training of the models.
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