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Abstract 

The efficient use of mineral deposits requires not only a detailed exploration but also 

permanent control of the ore grade during the exploitation. Manual sampling and 

analysis are time consuming and costly. For this reason, online analysers for ore 

grade control are used partly. The main disadvantages of these analysers are their 

sensitivity to dust, vibrations and atmospheric influences. The development of an 

online analyser without these disadvantages is the subject of the thesis. Based on 

the state of the art, a hypothesis for the development was established. The hypothesis 

assumes that in a mass flow of grains the ore content can be determined by passive 

acoustic measurement, assuming that the ore and the waste have different densities. 

The aim of the development was to implement such an analyser into the drilling rig to 

measure the ore content of cuttings from blast drillings. 

The hypothesis was tested in several stages. Based on preliminary investigations, an 

online analyser was designed for laboratory use. For the evaluation two algorithms 

were developed. The laboratory tests were carried out for gypsum, anhydrite and their 

mixtures. In this context, the influence of the particle size and distribution, velocity 

and concentration of the mass flow as well as the moisture content were investigated. 

These test series confirm the hypothesis. In the second phase of the research, 

investigations were carried out to determine the ore grade. The investigations showed 

that the results of online analysis and chemical analysis of the samples vary from 

0.07 % to 11.52 %. Based on laboratory results, an online analyser was designed for 

field tests and installed in the dust collector of a drilling rig. During the field test 

cuttings were continuously analysed online and subsamples were taken from the dust 

collector and analysed in the laboratory for validation. The comparison of the results 

shows that the online measurement deviates between 2.25 % to 8.99 % from the 

laboratory results. 

Overall, the hypothesis has been confirmed. The analyser is currently used to detect 

the ore grade in a gypsum mine. Further potential to increase the accuracy of the 

online analyser was identified in the course of the field test. 





 

Zusammenfassung 

Die effiziente Nutzung von mineralischen Lagerstätten erfordert neben einer 

detaillierten Erkundung auch eine permanente Kontrolle des Rohstoffgehalts 

während des Abbaus. Manuelle Probenahme und Analyse sind zeitaufwendig und 

kostenintensiv. Aus diesem Grund werden teilweise im Bergbau Online-Analysatoren 

zur Qualitätskontrolle eingesetzt. Die Hauptnachteile dieser Analysatoren sind ihre 

Empfindlichkeit gegen Staub, Vibrationen und atmosphärische Einflüsse. Die 

Entwicklung eines Online-Analysators ohne diese Nachteile ist Gegenstand der 

vorliegenden Arbeit. Basierend auf dem Stand der Technik wurde eine Hypothese für 

die Entwicklung aufgestellt. Die Hypothese geht davon aus, dass in einem 

Massenstrom von Körnern der Rohstoffgehalt durch passive akustische Messung 

bestimmt werden kann. Das Ziel der Entwicklung war die Implementierung eines 

solchen Analysators in Sprengbohrgeräten zur Messung des Rohstoffgehalts des 

Bohrkleins. 

Die Hypothese wurde in mehreren Stufen getestet. Basierend auf 

Voruntersuchungen wurde ein Online-Analysator für Laborversuche konzipiert. Für 

die Auswertung wurden zwei Algorithmen entwickelt. Die Laborversuche wurden für 

Gips, Anhydrit und deren Mischungen durchgeführt. Dabei wurde der Einfluss der 

Partikelgröße, Korngrößenverteilung der Stoffe sowie die Einflüsse 

der Geschwindigkeit und der Konzentration des Massenstroms und des 

Feuchtegehalts untersucht. Diese Versuchsreihen bestätigen die 

Forschungshypothese. In der zweiten Phase der Forschung wurden Untersuchungen 

zur Bestimmung des Gipsgehaltes durchgeführt. Die Untersuchungen zeigten, dass 

die Ergebnisse der Online-Analyse von den Ergebnissen der chemischen Analyse 

zwischen 0,07 % bis 11,52 % abweichen. Basierend auf Untersuchungen im 

Labor wurde ein Online-Analysator für den Test im Feld entwickelt und in einer 

Bohrmaschine eingebaut. Während des Feldtests wurde das Bohrklein kontinuierlich 

Online analysiert. Für die Validierung wurden Teilproben aus der 

Entstaubungsanlage der Bohrmaschine entnommen und im Labor analysiert. Der 

Vergleich der Ergebnisse zeigt, dass die Online-Messung zwischen 2,25 % und 

8,99 % von den Ergebnissen der chemischen Analyse abweicht. Insgesamt hat sich 

die Forschungshypothese bestätigt. Der Analysator wird seit der Implementierung in 

einem Bergwerk genutzt. Die bisherigen Erfahrungen weisen Potenziale zur 

Erhöhung der Genauigkeit des Online Analysators auf. 
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1 Introduction 

Annually about 35 bn. tons of mineral commodities are processed into products in 

various industries worldwide. In the mining industry raw materials are extracted, 

processed and enriched before being further processed. Mineral deposits are local 

accumulations of minerals to economic value because of geological and geochemical 

processes. The required enrichment factor for the classification of a deposit into 

reserve or resource depends on the mineral type. The ore grade of metal deposits 

varies from part per million to several tens of percent, while for industrial minerals such 

as salts or construction raw materials it is in the range of almost one hundred percent. 

The industrial use of raw materials usually requires very high material purity. The task 

of mining and ore processing is therefore to enrich ore grade from ppm or a few percent 

to almost 100 %. The task of mining and processing is also to reduce the impurities in 

some industrial minerals with a high ore grade. Therefore, ore grade control is one of 

the most important issues in mining and processing and this control takes place 

throughout the entire process. In the mine samples are taken from benches, from the 

cuttings of blast drillings and from the muck pile. After transport and crushing, the ore 

is stored for homogenization. Samples are then taken again from the stockpiles. In 

mineral processing several processes are carried out with the aim of enriching the ore. 

Separators, such as magnetic separators, electrostatic separators, cyclones, and 

flotation cells are some examples. During the entire processing, additional samples are 

taken and examined in the laboratory for ore grade determination. These repetitive 

sampling and analyses serve to control the processes and machines as well as to 

check the quality of the material. Lastly, the analytical results are used for the fleet and 

muck pile management. In mineral processing, the analyses are used for the optimal 

adjustment of the machines, for controlling them and the control of the entire process.  

Sampling and sample analysis for the purpose of ore control is a central task in the 

mining and processing of mineral resources. The use of an online analyser to 

determine the ore grade would optimize the processes in many ways. Currently, 

samples are often taken manually from the run-of-the-mine (ROM) ore and sent to the 

laboratory where they are analysed, and results are reported to the mining and 

processing departments. 
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In a manual quality control process, intervention and changes in the process only can 

take place after the reporting of the laboratory results. Considering that in mining and 

processing, it is not uncommon to produce several thousand tons per hour, the results 

of the analysis are available very late. Almost too late for timely control. The 

development of an online analyser for use in mining and processing would fill a gap. 

There are some online analysers available on the market for this purpose, but they are 

sensitive devices. Dust, vibration, environmental temperature, or humidity of the 

analyte and much more are factors that do not allow the optimal use of these online 

analysers. Additionally, most of these analysers are often designed based on radiation 

which due to health and safety regulations have so far prevented a broad 

implementation of these technologies in mining and processing.  

Since in all processes in mining and mineral processing in a very harsh environment 

the ore is present as grains and is always transported from one process step to the 

next as a mass flow, this industry needs an online analyser with special features. An 

online analyser that can be used in all settings, i.e. belt conveyor, hydraulic and 

pneumatic conveying and at the same time is not sensitive to dust, vibration and 

climatic factors would fulfil the requirements for the implementation very well. 

The present work deals with the development of such an analyser. The research is 

based on the hypothesis that an online determination of ore grade is possible based 

on passive acoustic phenomena. Previous research has shown that this method allows 

an online particle size analysis of granules in a mass flow. This method makes use of 

the physical principle of impact based on the Hertz theory, which states that the force 

generated when a granule collides with an oscillator is proportional to the modulus of 

elasticity, Poisson's ratio and the particle size of the granules. The hypothesis of this 

work assumes that when grains with the same grain size, but different density collide 

with an oscillator, the momentum is proportional to the density of the granules. The 

deviation of the grain size of the grains, which can be tolerated for a successful online 

analysis, depends on the difference in density of the grains. 

The verification of this hypothesis is done in a systematic investigation. The drill 

cuttings, which are produced during the production of blast drillings, are chosen as the 

object of investigation. The online analyser to be developed is to be implemented in 

drilling rigs. The cuttings produced during the drilling process will afterwards be 

analysed online. In this case the information from ore grade is available at the 
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beginning of the process and allows an immediate control of the following process 

steps. If this development is possible, online analysers for use in mineral processing 

can be built on the same technical concept. The investigations of this work are carried 

out with gypsum and anhydrite. Gypsum deposits contain anhydrite impurities due to 

gypsum’s formation process. In some cases, there are enclosed anhydrite lenses or 

horizontal layers of anhydrite within the gypsum deposit. These impurities reduce the 

quality of the products. Ore control can therefore be an important tool for quality 

monitoring in gypsum mines. 

The second chapter describes the state of the art for online ore grade determination. 

Due to the research hypothesis, this chapter also includes a description of the state of 

the art in acoustic material detection and acoustic online particle size analysis. In the 

third chapter the research hypothesis is described in more detail. An elementary 

component of the hypothesis is the acquisition and processing of acoustic signals. 

Therefore, in the fourth chapter of the thesis the basics of acoustic measurement are 

explained. In this context, the relevant parameters of a measurement system according 

to Hertz theory are discussed theoretically. These include the influence of particle size, 

particle size distribution, and the concentration and velocity of the mass flow. The 

basics of data acquisition and data as well as data reduction and data classification 

methods are described in this chapter as well. In chapter 5 the design of the online 

analyser for laboratory tests is presented. The individual components of the online 

analyser are selected according to the defined requirements and dimensioned by 

separate tests. The selection and dimensioning of the sensor, the Venturi nozzle, the 

shape and type of the oscillator as well as the supply of the analyser with compressed 

air are part of this section. In addition, the selection of the signal processing as well as 

the algorithms for the calibration of the online analyser are part of this section. The 

basic verification of the hypothesis with the online analyser is explained in chapter 6 of 

the thesis. The results for the determination of the influence of particle size, particle 

size distribution and moisture are described in chapter 7 to 9. Because gypsum 

deposits are partly associated with dolomite, the investigation is extended to test the 

possibility of online detection of dolomite. The results of these tests are presented in 

chapter 10. The online analyses will be more accurate the more similar the particle size 

distribution of the samples is. In this respect, the possibility of pre-classifying of the 

cutting will be investigated in chapter 11 and 12. After the basic proof of the measuring 

principle, the possibility of online ore grade analysis is further investigated. For this 
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purpose, a series of samples of different purity are tested online. The description of the 

samples as well as the tests and their results are presented in chapter 13. For the 

calibration two algorithms are selected and used. One algorithm is based on probability 

and statistical data analysis while the second algorithm is based on multivariate data 

analysis (PCR). The results of both calibration methods are compared to each other to 

assess the accuracy of the methods. Based on the results obtained, an online analyser 

will be designed for implementation in a drilling rig. The requirements for such a 

development and implementation will be explained in chapter 14. The field investi-

gations will be carried out in two successive stages. In the first stage the basic function 

of data acquisition and data transfer to the electronic unit will be tested in an 

underground mine. The second stage will be based on the results of the first stage in 

an open-cast mine in combination with a modern drilling rig. The field tests are 

described in chapter 14 as well. After the description of the measuring concept, the 

online analyser implemented in the drilling instrument is presented. This chapter also 

contains the description of the field tests as well as data processing and calibration. 

Both algorithms are also used in this case. For the final verification of the hypothesis 

and proof of the repeatability a validation is performed after the calibration. For this 

purpose, an online ore grade determination is performed during a drilling process in an 

open pit. The results of the online analysis are compared with the results of the 

chemical analysis. At the same time the online results of the respective calibration 

methods are compared with each other. The results of the field tests are summarized. 

Finally, a summary of the thesis is given in chapter 15. 
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2 State of the art 

The development of a new method for controlling ore grades in the mining industry 

requires the investigation of existing technologies according to the state of the art. The 

current technologies for determining the quality of raw materials can be divided into 

two major groups. The most commonly used measuring method is based on the 

physical principle of optics. The methods developed on the basis of optics are divided 

into two subgroups, visible and invisible, according to the wavelength of the light used. 

The methods with visible light use a wavelength of 400 nm to 700 nm. These methods 

are called VIS-Spectroscopy. The methods that use a wavelength of 0.1 nm to 100 nm 

belong to the invisible group. They are divided into gamma radiation and X-rays 

depending on the wavelength. These methods belong to the radiation spectroscopy. 

Some methods use the invisible spectrum between 700 nm and about 2,000 nm. This 

spectrum is called infrared. The typical method of this group is the Near Infrared, NIR-

method. These methods use the spectrum between 100 nm and about 2,000 nm or 

from ultraviolet light to the infrared spectrum. These methods are called laser 

spectroscopy. 

The second group, which is the subject of recent publications, is based on the physical 

measurement principle of acoustics. In this case the physical principle of friction is used 

for material detection. In the following, these methods are briefly described and the 

advantages and disadvantages of each method are explained. For the development of 

the hypothesis of this thesis the results are used. 

2.1 Radiation based method 

Near Infrared Spectroscopy (NIR) 

The measuring principle of infrared spectroscopy is based on the harmonic vibrations 

of molecules. The intensity of the vibrations is proportional to the energy level. By 

absorbing infrared radiation, the molecules are set in motion. Through this motion, the 

vibrations of the intermolecular bonds can be measured, which is a characteristic of 

certain special materials. For the measurement of such vibrations, an infrared spec-

trum ranging from 700 nm to 2,400 nm is used. This spectrum is called near infrared 

(NIR). In the NIR spectroscopy a Fourier transform is used [1, 2, 3]. 

The use of NIR spectroscopy for minerals requires a complex and advanced calibration 

and the measurement results are highly dependent on the water content of the sample. 
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For this reason, this technology is often used in combination with an instrument to 

determine the water content of the minerals. Furthermore, the measurement system 

needs additional calibration for minerals with different water contents. The sensitivity 

of the system to water content is so high that it is partly used in industrial applications 

for the determination of water content. NIR spectroscopy is mainly used in medicine 

and the food industry. In the mining industry this technology is used for moisture 

measurement and material type determination. The online measurements of raw 

material mixtures in the cement industry can be named as such an example and is 

illustrated in Figure 2.1 [3]. 

 
Figure 2.1: An industrial example of Near Infrared Spectroscopy with the spectral flow analyser [3] 

Laser-Induced Fluorescence Spectroscopy (LIF) 

Laser-induced fluorescence spectroscopy (LIF) or Fluorescence spectroscopy makes 

use of the fact that atoms of all substances move to an excited state (higher energy 

level) when energy is supplied to them. When the atoms return to their original energy 

level, they release their excess energy by emit electromagnetic wave of certain 

wavelengths. With a constant energy source, the intensity of the emitted electro-

magnetic waves depends on the material. In case the energy source for atom excitation 

is a laser, the measuring principle is called Laser Induced Fluorescence Spectro-

scopy (LIF). The LIF method often used in the mining industry in combination with a 

belt conveyer and is referred to as a cross belt analyser which is used for determining 

the quality of raw materials. With such a method a chemical analysis or determination 
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of the individual minerals in the process is not possible. This technology is used both 

in mining and in the steel industry [4, 5, 3]. 

Laser Induced Breakdown Spectroscopy (LIBS) 

The Laser Induced Breakdown Spectroscopy (LIBS) is based on the recording and 

analysis of the emitted electromagnetic waves by material entering the plasma state 

due to received energy from a high energy laser beam which is focused on it. Due to 

the high amount of energy the sample is evaporated and a plasma is generated. The 

emitted electromagnetic waves are picked up by optical detectors and are directed 

onto a spectrometer. The composition of the sample is then determined by the resulting 

spectral line where the position of the spectral lines is different for different elements. 

The intensity of the spectral lines corresponds to the mass ratio of an element present 

in the sample. This technology is used for elemental analysis of substances. An 

exception is the detection of sulfur and helium. For the analysis, databases for typical 

spectral lines of elements are created in advance. The problem is that several spectral 

lines exist for the same elements. The intensity is also very strongly dependent on the 

environmental conditions such as temperature and humidity. The change of the focus 

range has also an extraordinarily strong influence on the results of the analysis. 

Therefore, the LIBS analysers are mostly used in laboratory environments. There are 

efforts to use this technology in combination with conveyor systems, but the experience 

thus far has not been so positive [6, 7, 3, 8]. 

Fluorescence Spectroscopy (XRF) 

This analytical method is based on irradiation of a sample with X-rays. Here an 

exceedingly high energy X-ray radiation hits the atoms of the elements. The supplied 

energy causes the electrons from the inner orbitals of the atoms to outer orbitals of the 

atoms. Due to the state instability of the atoms, the excess energy of the moved 

electrons is emitted in form of electromagnetic waves and the electrons return to their 

initial states. This radiation is picked up by detectors and is optically analysed. As the 

wavelength of the emitted electromagnetic wave is unique to a certain element, 

analysis of the radiation can be used to determine the element in the sample. The X-

ray fluorescence spectrometer (XRF) is used both laboratory and in field applications 

in combination with conveyor belt systems for elemental analysis. In the latter case, 

the material is often separated and analysed by a bypass. For optimal analysis, 

samples should be smaller than 10 mm. A disadvantage of this measurement method 
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it the overly complex calibration process. For the results to be accurate, the calibration 

needs to be performed using the material which is going to be analysed later [9, 5, 3]. 

X-ray Diffraction (XRD) 

In X-ray diffraction (XRD), an X-ray beam with a different defined angle of incidence is 

focused on the sample and the reflection of the beam is measured. The diffraction of 

this beam depends on the crystal structure of the samples and based on a calibration 

function it is possible to detect mineral phases. This technology is only used in the 

laboratory. A disadvantage of this method is that the samples need special preparation. 

Due to the necessary sample preparation, X-ray diffraction has not yet been used as 

an online measuring device in industry applications [10, 11]. 

Prompt Gamma Neutron Activation Analysis (PGNAA) 

In this analysis technique, a sample is bombarded with neutrons where the atoms of 

the sample pick up these neutrons. Due to the new state the atomic nucleus becomes 

unstable. While the atomic nuclei tend to achieve a stable state again, they emit 

gamma radiation. The intensity of the gamma radiation is a fingerprint for a certain 

chemical element. This technology is used in combination with conveyor belt systems 

for online analysis of raw materials. For this purpose, a neutron source and a gamma 

radiation detector are installed closely together on the conveyor system. The accuracy 

of this measuring method depends on the water content of the sample. In addition, 

problems arise due to the matrix effect. Furthermore, calibration with reference 

samples is required for an accurate measurement. PGNAA is often used in the cement 

industry for online analysis of the raw material [12, 13, 3]. 

UV/VIS Spectroscopy 

The measuring principle of UV/VIS spectroscopy is based on the excitation of valence 

electrons of atoms. By irradiating a sample with light in the visual (380 nm to 750 nm) 

or near ultraviolet (200 nm to 380 nm) spectrum, a light absorption occurs which is 

caused by electron transitions in the molecules. As mentioned above, the electron 

transitions are due to the excitation of valence electrons. By measuring the light 

transmission in transparent samples and the light reflection in opaque samples, a 

substance can be determined qualitatively. The measuring instruments consist of a 

light source and a photo-optical detector. With this measuring method it is only possible 

to determine the changes within a calibrated substance. Additionally, a premature 
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calibration of the system is required. Unknown substances cannot be detected with 

this method and the system is relatively sensitive to small changes and noise. 

Furthermore, changes in surface texture, moisture and particle size distribution 

influence the measurement results. UV/VIS spectroscopy is particularly used in the 

glass and plastics industries [14, 15, 5, 16, 3]. 

2.2 Acoustic based methods 

Recently, several methods for material detection and particle size analysis based on 

acoustic emissions have been developed. These methods can be divided into two main 

groups. The first group of methods deals with the detection of soil types as well as the 

determination of soil mixtures. These methods are based on the principle of friction. 

Soils have different friction depending on their grain size. When a device is moved over 

Soil, the friction between Soil and the device generates an oscillation. The intensity of 

the vibration can be used as a fingerprint to determine the soil composition. 

The second group of methods is used to determine the particle size distribution. In this 

case the physical principle of momentum is used. When granules, which are moved in 

a mass flow, collide with a device, impulses are generated. The characteristic of these 

oscillations depends on the particle size distribution of the mass flow. The particle size 

is determined by online measurement of the oscillations using a piezometer and further 

signal processing of the data. These methods are explained in more detail below. 

Acoustic method using friction 

In the patent application [17] a development is presented for the online determination 

of soil type. This method has been developed for civil engineering and mining 

applications for the online measurement of soil types, as well as the detection of 

interfaces (layer boundaries) during extraction and exploration. This invention is based 

on the measurement and evaluation of structure-borne noise. The structure-borne 

sound results from the friction which is produced by the relative movement of a device 

which is in contact with the soil. The acoustics or vibrations result from the friction 

between the device and the soil. The vibrations are measured with an accelerometer. 

A subsequent signal processing detects the material composition as well as the 

boundaries of the sediments [18]. The online analyser requires a calibration and the 

measurement results are influenced by the following parameters: 

 Normal force 
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 Relative velocity between the sound body and the material 

 Geometric properties and material characteristics of the oscillator 

 Position of the acoustic sensor 

This method has been successfully used in combination with Micro Tunneling, cone 

penetration test (CPT) and excavators in the mining industry [19]. 

Acoustic method using pulse energy or reflection 

This method uses two system configurations. A distinction is made between passive 

acoustic methods and active acoustic methods. 

With the active acoustic methods, an acoustic signal is sent from a transmitter. A 

receiver registers the incoming signal and the incoming signal is either reflected or 

attenuated. For these applications ultrasonic sensors are usually used as transmitters. 

In some configurations transmitter and receiver are combined in one device. In some 

other configurations, the transmitter and receiver are installed separately. Active 

methods are described for example in [20]. 

The active acoustic method is only used in connection with hydraulic mass flow. The 

accuracy of the measurement decreases with the increase of the solid’s concentration. 

The passive acoustic method is based on the physical principle of the impulse. 

Granules that are being transported in a mass flow generate impulses through collision 

with a device. As a result of the collision, the device starts to vibrate. The particle size 

of the granulate is determined by recording the vibrations using a piezoelectric vibration 

sensor and subsequent signal processing [21]. 

2.3 Summary of the state of the art 

The evaluation of the state of the art for online determination of the ore grade shows 

that some measurement methods have become established in the industry. Most 

methods are based on the basic physical principle of optics. The measurement 

methods differ in the use of wavelengths or spectra. Color Line-Scanner (CCD), Near 

Infrared Spectrometer (NIR), Laser-Induced Breakdown Spectroscopy, Laser-Induced 

Florescence Spectroscopy (LIF), X-ray Diffraction (XRD), X-ray Transmission (XRT), 

X-ray Fluorescence (XRF), Prompt Gamma Neutron Activation Analysis (PGNAA) and 

Pulsed Fast Thermal Neutron Activation Analysis (PFTNAA) all belong to this group. 

Some of these methods can be used to determine the material composition while 
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others can only be used to determine the elemental composition. All these measure-

ment methods are suitable for online measurement in combination with a bypass. From 

the above-mentioned methods all up to XRT and XRD are suitable for use on conveyor 

systems. The mentioned methods deliver the results in different time intervals. Laser 

based methods deliver up to 20 results per second. X-ray methods require up to 6 

minutes. The accuracy of most methods depends on the water content of the material. 

Only the X-ray based methods are robust to fluctuations in material water content. 

Some methods such as NIR and XRF require powder for the measurement. The 

following disadvantages arise for industrial applications: 

- Safety problems particularly for X-ray, laser and neutron sources 

- vibration sensitivity 

- dust sensitivity 

- impact sensitivity 

- Sensitivity to weathering 

A comprehension of the presented state of the art is given in Table 2.1. In contrast to 

the optical methods, the acoustic methods have none of the disadvantages mentioned 

above. However, the acoustic methods do not allow quantitative analysis. The method 

allows only a relative qualitative determination of soil type. Considering the technical 

conditions in mining, the acoustic method offers some advantages, especially because 

of its robustness. Therefore, this thesis focuses on the development of an online 

analyser based on passive acoustics. 
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Table 2.1: Comparison table of different optical meaurement technologies [3] 
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COLOR 
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cont./ 
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UV - 
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Near Infrared 
Spectrometer 

absorption of light 
NIR 

+ - + + + + 
cont./ 
1/min 

- 
Powder 

application 

LIBS 
Nd:YAG- 

Laser, 
Spectrometer 

atoms emit spec. 
light 

- + + + - + 20/s laser - 

LIF laser, sensor spec. fluorescence + - + + - + 20/s laser - 

XRT 
X-ray source, 
X-ray sensor 

absorption of 
X-ray 

- + - + + - 
cont./ 
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X-ray - 

XRF 
X-ray source, 
X-ray sensor 

element spec. 
fluorescence 
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Restricted 
particle size 

XRD 
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reflection X-ray 
diff. angles 
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cont./ 
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X-ray 
Powder 

application 

PGNAA 
PFTNAA 

neutron source, 
Y-ray sensor 

Y-ray emission - + + + + - 
cont./ 
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Y-ray 
N-ray 

- 
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3 Physical approach and research hypothesis 

The physical approach of research is based on the passive acoustic principle. Previous 

research has shown that the application of this method allows the online particle size 

analysis of granules in a mass flow. The research results confirm that the particle size 

distribution of the granules in the mass flow can be derived from the waves that are 

generated when granules collide with an oscillator. A prerequisite for the imple-

mentation of this method is the development of a suitable signal processing and further 

algorithms to determine the particle size distribution. An overview of the principle of 

this system is shown in Figure 3.1 [21, 22, 23]. 

 
Figure 3.1: Principle of acoustic measurement  

The research hypothesis assumes that this method can be further developed to 

calculate ore grade in a mass flow of granules. If granules of the same grain size and 

velocity collide with the oscillators, the pulse energy or signal intensity is a function of 

the density of the granules [24, 25, 26]. If the density of the grains in the mass flow 

changes, the pulse energy and the signal intensity also change. Therefore, based on 

the method, when grains with different densities are transported in a mass flow, an 

automatic detection of the materials can be carried out. The research hypothesis even 

goes further and assumes that it is even possible to determine the percentage of 

granules with different densities in a mass flow [27]. The verification of this hypothesis 

is the aim of this research. Graph 3.1 shows the change in pulse when density changes 

for different grain sizes. In this example grains of gypsum and anhydrite with a density 

of 2.32 t/m3 and 2.97 t/m3 were chosen. 
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Graph 3.1: Relationship between pulse and density using the example of gypsum and anhydrite 

Mineral deposits consist of ore and waste. The ore grade varies in a deposit depending 

on the mineral, the genesis of the deposit and the deposit type. The main purpose of 

deposit exploration is to identify the mineralized zones. The task of exploration is to 

determine the boundary between the ore body and the surrounding rocks and to 

determine the ore grade within the deposit itself. Based on this data, deposits are 

modelled, and the ore grade is determined, and the stripping ratio is calculated. The 

feasibility of a mining project depends on the results of the exploration. The ore 

processing also depends on the ore grade. Information on the ore grade is important 

for the entire processing chain. The ore is enriched in many machines such as sorters 

and classifiers. For the control of these machines the ore grade of the input and output 

materials is particularly important. 

In all cases mentioned above, whether in exploration or processing, the materials are 

present as grains. The grains are transported in different ways as mass flows. In 

addition, ore and waste have different densities. The density difference depends on 

the type of deposit. For metallic ores, the difference is exceptionally large, whereas for 

non-metallic deposits the difference can be small. 

The prerequisites for the development of an online analyser based on the research 

hypothesis are given in mining. The materials are present as grains, they have different 

densities and they are moved as a mass flow. Of importance is the actual need for 

such a development in mining. The use of such an analyser offers several technical, 

economic and even environmental advantages. 
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The verification of the research hypothesis is carried out in this thesis by means of 

investigations of drill cuttings. The investigations are carried out with the aim to develop 

an online analyser for the determination of ore grade in case of the verification of the 

hypothesis. The verification is focused on the investigation of cuttings that will be 

produced during the drilling of blast holes. Blast drillings are continuously produced in 

the mine. The cuttings from these drillings are available as grains and are usually 

transported with compressed air. A part of the quality management in the running 

mines is the sampling and analysis of the cuttings in the laboratory. Both the fleet 

management in the mine and the control of processing are based on this daily quality 

analysis. The hypothesis assumes that the cuttings produced during blast drilling are 

continuously analysed online at the drill site. The cuttings are to be continuously feed 

as a mass flow to a device where they collide with an oscillator. The oscillator contains 

a sensor. The waves resulting from the impact of the cuttings are detected by the 

sensor and processed in an electronic unit. From the data the ore grade is determined 

with a special software. Considering the time-dependent coordinates of the blast hole, 

signal processing can be used to create a quality dependent profile for the blast hole. 

As a result of the online analysis of the drill cuttings, a three-dimensional quality model 

of the deposit can be created, which can be updated and adjusted at any time by 

remote transmission of the analysis data. Figure 3.2 schematically illustrates the 

concept for this practical application. 

For the verification of the hypothesis, the possibility of online analysis of the gypsum 

purity is investigated. Gypsum deposits often contain anhydrite and dolomite ad-

mixtures. These minerals have a higher density than gypsum.  

For the systematic development of an online analyser the basics of acoustic measure-

ment and data acquisition and data processing are considered and the requirements 

for such an analyser are derived. In successive steps an online analyser for laboratory 

purposes is developed and algorithms are set up. Based on the laboratory results an 

online analyser for drilling rig is developed and field tests are performed. 
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Figure 3.2: Conception for the practical application of sustainable quality control [25] 
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4 Basics of acoustic measurement  

Acoustic measurement methods are based on the principle of acoustic emissions and 

make use of the produced oscillation from the collision of particles with a measurement 

element. The object which the particles collide with is usually metallic and is resistant 

to mechanical and chemical wear. When a particle collides with the surface of the rigid 

collision body, the impact energy creates a system of elastic waves within the body, 

which is formally equivalent to a source of acoustic emissions [28]. As an example, if 

a particle impacts upon a massive metallic collision plate, the measured acoustic signal 

A(t), which can be measured by the transducer, can be modelled as Equation (4-1): 

 A ( t ) = S ( t ) * G ( t ) * D ( t )  (4-1) 

where S(t), G(t) and D(t), respectively, denote the acoustic source, propagation and 

detector functions, as function of time t; the symbol * represents convolution [28]. In a 

more general sense, different research projects have shown that the generated 

acoustic signal can be written as in Equation (4-2) [29]: 

 UAcoustic = f ( ρ,v,d,T )  (4-2) 

Here ρ is the density of particles colliding with the sensor, v is the particle transport 

velocity, d is the particle diameters, and T is the measurement environment 

temperature. In most applications the particle size d is to be found, therefore it is 

important to either keep the other factors constant, or somehow to measure and 

consider when analysing the output signal and calculating the particle size distribution. 

Another study which has determined the influential factors for the acoustic particle size 

measurement, has done this through the Hertz theory [30]. Here the duration of the 

impact timp and the amplitude of the force occurring during impact FMax can be linked 

together. It has been shown that timp and FMax are individually proportional to the density 

ρ, velocity v and the radius 
d

2
 of the colliding particle with the sensor [31]. These 

relationships can be seen in Equation (4-3) and (4-4) below: 



18 

 
timp ≈  α1 + α2  0.4 ρ 0.4 v – 0.2  

d

2
 (4-3) 

     

with: timp   duration of impact (s)  

 α1  specific constant of material 1 (ms²/kg)  

 α2  specific constant of material 2 (ms²/kg)  

 ρ  density (kg/m³)  

 v  velocity (m/s)  

 d  particle diameter (m)  

 
FMax ≈  α1 + α2  – 0.4 ρ 0.6 v 1.2  

d

2
 

2

  (4-4) 

     

with: FMax  maximum impact force (kgm/s²)  

 α1  specific constant of material 1 (ms²/kg)  

 α2  specific constant of material 2 (ms²/kg)  

 ρ  density (kg/m³)  

 v  velocity (m/s)  

 d  particle diameter (m)  
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Where αn is determined by Equation (4-5): 

 
αn = 

1 – μn

En
 (4-5) 

     

with: αn  specific constant of material n (ms²/kg)  

 μn  Poisson’s constant   

 En  modulus of elasticity (kg/ms²)  

Here μ1 is the Poisson’s constant of particle material, μ2 is the Poisson’s constants of 

the measurement system impact material, E1 is the modulus of elasticity of particle 

material, and E2 is the modulus of elasticity of measurement system impact material. 

The Hertz theory assumes that the energy generated by the collision of a particle with 

an oscillator is proportional to the density of the particle. The research hypothesis 

assumes that ore grade in a mass flow of granules can be determined online. In this 

case, these are grain collectives which simultaneously hit the oscillator. Therefore, the 

factors to be considered according to Hertz theory must be extended by the 

concentration of the mass flow.  

According to the extended Hertz theory, the influencing parameters on the acoustic 

energy can be divided into four groups. These groups result from the material-

dependent properties, from the properties of the mass flow and from the properties of 

the oscillator and the sensor. The first group includes the particle size distribution, the 

modulus of elasticity and the density of the granules. The second group consists of the 

velocity and concentration of the mass flow. The third group includes the modulus of 

elasticity of the oscillator and the frequency range and sensitivity of the sensor. Some 

of the relevant influencing factors are explained in more detail below. 

4.1 Particle size 

Grain size is a parameter used to describe granules for quality control and monitoring 

production processes. It is a very difficult task to express the particle size quantitatively, 

as particles possess asymmetrical profiles, and their size cannot be determined easily. 

Due to the complexity of the direct determination of the particle size, this property is 
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measured indirectly. This is done with defining an equivalent diameter, where the size 

of the particle is referred to be the same as a spherical shaped particle. This property 

can either be the volume, surface area, length, or physical or chemical properties [32]. 

In process engineering, particles with sizes ranging between 10-8 m and 0.1 m are 

measured. Different methods are used depending on the particle size. The most 

important methods are sieve analysis, sedimentation analysis, scattered light analysis, 

microscopic analysis and laser diffraction spectroscopy. Of the methods mentioned, 

sieve analysis is the most common method. It is used for dry grains with a particle size 

of more than 63 µm. For sieve analysis, the particle size is defined as the mesh size L 

of a test sieve through which the particle barely passes. In the context of the present 

thesis, grain sizes are determined by sieve analysis [33]. 

4.2 Particle size distribution 

Particle Size Distribution (PSD) is a curve or function, which contains all the information 

on a collection of particles at a given point in time [34]. PSD expresses what particle 

size exist in what fractions compared to all the particles in the sample particle group to 

be measured. PSD is either shown as a frequency distribution, which can be explained 

using a Probability Density Function (PDF), or a cumulative form of the frequency 

distribution, also known as the Cumulative Probability Density Function (CDF).  

For defining the PDF, initially the range of observed particle sizes needs to be divided 

into separate classes. The frequency distribution indicates in percentage what portion 

of particles can be found in a corresponding particle size class [34]. The density size 

distribution q0 (x) is defined in Equation (4-6): 

 
q0  x  = 

dN

N
 
1

dx
 (4-6) 

Where N is the number of total particles, 𝑑𝑁 is the number of particles having diameters 

between x and x + dx. The CDF or Q0 x  on the other hand, can be calculated through 

the integration of q0 x  over the range 0 to x according to Equation (4-7) [34]: 

 
Q0 x = q0 x  dx

x

0
 (4-7) 

The size distributions are on a number basis, where the subscript s indicates the basis 

of the expression. For number, length, area and mass the respective subscripts are 0, 
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1, 2 and 3. It is also possible to transform the density distribution qr x  into another 

basis distribution qs x  by Equation (4-8): 

 
qs x =

xs-rqr x dx

xs-rqr x dx
∞

0

 (4-8) 

For the presentation of PSD, mainly the acquired data is plotted, either qr x  or Qr x  

in a graph. The Qr x  representation with a logarithmic abscissa is more often used in 

industrial applications. Graph 4.1 shows an example of a cumulative particle size 

distribution [34, 35, 32]. 

 
Graph 4.1: Example of the PSD format used in most industrial applications 

4.3 Influence of the particle size distribution 

The hypothesis seems simple if the grains are all the same size but have different 

density. This ideal case will almost never occur in industrial processes. The granules 

do not consist of one mono grain. They always have a grain size distribution. Therefore, 

it must be investigated which deviation between the grain sizes would still be tolerable 

for an online measurement. This calculation is carried out based on the extended Hertz 

theory. The calculation is intended to show at which grain diameter of gypsum and 

anhydrite the pulse or the energy of the collision is equal, if the velocity is assumed to 

be constant. Gypsum has a modulus of elasticity of 35.3 GPa and a Poisson's ratio of 

0.338, where anhydrite has a modulus of elasticity of 63.8 GPa and a Poisson's ratio 
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of 0.315 [36]. A carbide rod is assumed as the oscillator. The tungsten carbide has a 

Poisson's ratio of 0.31 and a modulus of elasticity of 650 GPa. The properties of 

gypsum, anhydrite and the oscillator are presented in Table 4.1. 

Table 4.1: Densities, Poisson’s coefficients, and the moduli of elasticity of gypsum, anhydrite and hard metal 

 Density (kg/m³) Poisson’s Coefficient  Modulus of Elasticity (GPa) 

Gypsum 2,320 0.338 35.3 

Anhydrite 2,930 0.315 63.8 

Hardmetal 15,630 0.31 650 

With Equation (4-9): 

 
FA/G =  αA/G + αSt 

 – 0.4 · ρA/G
       0.6 · v 1.2 ·  

dA/G

2
 

2

 (4-9) 

     

with: FA/G  maximum impact force (kgm/s²)  

 αA/G  specific constant of anhydrite or gypsum (ms²/kg)  

 αSt  specific constant of oscillator (ms²/kg)  

 ρA/G  density of anhydrite or gypsum (kg/m³)  

 v  velocity of particles (m/s)  

 dA/G  particle diameter of anhydrite or gypsum (m)  
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Where αn is determined according to Equation (4-10): 

 
αG = 

1 – μG

EG
 = 0.01875 

1

GPa
 

αA = 
1 – μA

EA
 = 0.01074 

1

GPa
 

αSt = 
1 – μSt

ESt
 = 0.001106 

1

GPa
 

(4-10) 

     

with: αn  specific constant of anhydrite, gypsum and oscillator (ms²/kg)  

 μn  Poisson’s constants of anhydrite, gypsum and oscillator   

 En  modulus of elasticity of anhydrite, gypsum and oscillator (kg/ms²)  

if FA = FG Equation (4-11) can be written as followed: 

 
 αA + αSt 

 – 0.4 · ρA
 0.6 · v 1.2 ·  

dA

2
 

2

=  αG + αSt  – 0.4· ρG
 0.6 · v 1.2 ·  

dG

2
 

2

 (4-11) 

According to the calculations, a gypsum grain would have to have a diameter 19 % 

larger than an anhydrite particle so that its acoustic energy of collision is identical to 

that of the anhydrite particle, which thus can be defined as the tolerance. Theoretically, 

the deviation of the grain classes must in any case be smaller 19 %. For the practical 

application, a deviation of 18 % may still be tolerable.  

4.4 Influence of speed and concentration 

The influence of the velocity and concentration of particles in a flow on the acoustic 

energy is investigated by the mechanical approach of dimensional analysis. It is 

assumed that the acoustic energy is proportional to the flow energy. When an oscillator 

is held in a flow, the force acting on the oscillator depends on the area of the oscillator 

and the velocity and mass concentration or bulk density of the mass flow. 

To determine the relationship between several variables acting in a physical process, 

mathematical-functional equations are established in experimental investigations. If 

there are many variables, the establishment of mathematical-functional equations 

becomes complex, so that a direct determination of the relationships between the 
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parameters is usually difficult. One way to determine the relationship between the 

variables is to perform a dimensional analysis. 

Here, the relationship is not established between individual variables, but between 

dimensionless similarity numbers. The mathematical basis of the dimensional analysis 

is based on the general similarity theory, the so-called "Buckingham Theorem" 

according to which Equation (4-12) with the basic form [37]: 

 f  y1, y2, y3, ...yn  = 0 (4-12) 

can be converted into the dimensionless form, see Equation (4-13): 

 π1 = f  π2, π3, ...πN  (4-13) 

The number of dimensionless parameters N is equal to the number of variables n 

involved in the process, deducted from the number of orthogonal basic physical 

parameters m involved. The Equation (4-14) applies: 

 N = n - m (4-14) 

A system can contain the dimensions {L, M, T, I, ϴ, A, J} based on the physical 

quantities: length, mass, time, current, temperature, amount of matter and light 

intensity, all physical processes can be described. 

The result of the dimensional analysis provides the following relationship between the 

influencing factors listed in Equation (4-15): 

 F = f (A * c * v2 ) (4-15) 

     

with: F  flow force (N)  

 A  oscillator area (m²)  

 c  mass concentration (kg/m³)  

 v  mass flow velocity (m/s)  
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Where F is the flow force, c represents the mass concentration, A denotes the Area of 

the oscillator, and v stands for the mass flow velocity. 

The calculated force is a value that can change during the drilling process. The area 

of the oscillator can be assumed to be constant. In practice an oscillator with a certain 

dimension is chosen. This remains unchanged. However, the speed and concentration 

can change during the drilling process. Provided that the volume of compressed air, 

which exits the drill head to transport cuttings upwards, remains unchanged, the 

parameters speed and concentration of the cuttings depend on the drilling speed. At a 

low drilling speed, less cuttings are produced. The concentration of the cuttings in the 

annulus between the drill pipe and the borehole wall decreases. At the same time the 

velocity of the cuttings increases because the mass to be transported decreases per 

time unit. On the other hand, a high drilling speed leads to an increase in the concen-

tration of the cuttings and to a decrease in the velocity of the mass flow. Based on this 

fact, the software to be developed must also consider the machine data. The online 

analysis of the cuttings will only be possible if the drilling speed is continuously 

recorded as an additional parameter. The acoustic signals must be normalized based 

on the speed before they are processed further. 

4.5 Basics of data acquisition and data processing 

This chapter explains the basic concepts on which this thesis is based. Data acquisition 

and analysis, dimensional reduction of data, and data classification are topics that are 

covered in the following sections. 

4.5.1 Data acquisition and analysis 

The word Sensor comes from the Latin word Sensorium. This word originates from the 

Latin word Sensus which means sense. In a technical sense, a sensor can be 

described as an entity which converts chemical or physical entities and their alterations 

into an electrical signal and their alterations [38]. These electrical entities and their 

alterations are then sent to other computational units for further calculations. 

When choosing a sensor, it is important to consider the way and the amount of energy 

the sensor needs. If the sensor cannot acquire the necessary energy for operation from 

the environment, an auxiliary power source is necessary. An example of a sensor 

needing external power is a potentiometer, and an example of a sensor not needing 

external power would be a thermometer. Additionally, every sensor can operate over 
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a pre-specified range, where this measuring range represents the range of the ingoing 

signals, which can be mapped on to the outgoing signals [38]. Depending on the 

application this range needs to be considered carefully so the sensor is not damaged 

permanently due to a narrow operation range. The next aspect which needs to be 

considered is the resolution of the sensor. This quantity is a measure of the accuracy 

of a sensor, meaning it represents the minimum detectable signal fluctuation of the 

signal from the sensor. Another crucial factor characterizing a sensor is its linearity. 

The sensor linearity is the range in which the correlation between ingoing signal and 

outgoing signal is linear. In most cases this range is comparatively small compared to 

the whole range of measurement of the sensor. Examples of an ideal and a real sensor 

linearity can be seen in Graph 4.2. 

 
Graph 4.2: Illustration of an ideal and a real sensor [38] 

Simple sensors, integrated sensors and intelligent sensors are typical categories in 

which sensors are classified into. These can be seen in Figure 4.1. 

 
Figure 4.1: Schematic overview of the different integration level of sensors [38] 
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As the name of the simple sensor suggests, this is the most basic setup for a sensor. 

This type of sensor can convert the process variable into a transitional variable where 

a direct relationship between the two exist. Secondly, the simple sensor type can 

convert the measured entity into a proportional electrical unit such as voltage, current 

or resistance [39, 30]. The integrated sensor extends the capabilities of the simple 

sensor with capabilities such as having noise filtering or being able to compensate the 

zero-point fluctuations. Additionally, this type of sensor can linearize the incoming 

signal and standardize the outgoing signal [30, 39]. Intelligent sensors are the most 

capable type of sensors whose capabilities go even beyond those of the integrated 

sensors. In addition to data acquisition capabilities, they possess an analogue to digital 

converter with a subsequent data processing unit, the microprocessor. The 

microprocessor allows not only the monitoring and logging of the measurement data, 

but also can transmit an alarm condition. This occurs when a critical threshold is 

reached, so the system can be put in an emergency state or shut down. The sensor 

can also transmit multiple outgoing signals at once and the transfer features of the 

sensor if necessary. In addition to these capabilities, some other prerequisites are also 

needed if the intelligent sensor is in an autonomous multi-sensor system. These 

prerequisites are compensation, information processing, communications and 

integration and can be read in detail in [30]. 

If one assumes that the measured physical property by a sensor is E, the position in 

space to which the measured physical property refers to is r, the time instant at which 

the physical property was measured is t, the value of the measured physical property 

is y, and the uncertainty of the measurement due to errors is Δy, the sensor observation 

can be expressed according to Equation (4-16): 

 Observation = f  E , r , t , y , ∆y  (4-16) 

If the data of the sensor are to be used in a multi-sensor system, which in most modern 

industrial applications is the case, the timing needs to be considered. Any possible 

communication and computational schedule can be used with the different interfaces 

for information communication [40]. In distributed systems, scheduling can be either 

time triggered, where the scheduling of all communication and processing activities are 

initiated at pre-determined time intervals, or event triggered, where communication and 

processing activities are initiated with the occurrence of a significant state change [30]. 
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4.5.2 Data dimensionality reduction 

With the prediction that by the year 2020, about 1.7 megabytes (MB) of new information 

will be created every second for every human being on the planet, it is obvious that 

novel methods for data acquisition, storage and manipulation need to be used [41]. 

With such large amounts of data being produced by modern hardware, a group of 

algorithms called dimensionality reduction have become popular. Dimension reduction 

is a collection of statistical methods that reduces the dimension of data while pre-

serving relevant information, where dimensions are the number of different data types 

which exist. The so-called curse of dimensionality states that even with a large number 

of observations, high dimensional spaces are naturally sparse. Therefore, it is useful 

to reduce the data dimensions in a way, by which only the relevant information is left 

for further processing. How and by which degree data is reduced, depends on the 

dimension reduction technique used. These techniques transform the set of variables 

to a smaller set of either the original or new variables, the new variables being linear 

combinations or even nonlinear functions of the original variables [41]. If the number 

of dimensions of the new data set is relatively small (usually up to about 3), data 

visualization becomes possible, often making data modeling much easier. Dealing with 

high dimensionality can be difficult for machine learning algorithms. High dimen-

sionality increases the complexity of the calculation and increases the risk of over-

fitting. Some of the techniques commonly used for dimensionality reduction of data are 

shown in Table 4.2. 

Table 4.2: Some of the commonly used techniques for dimensionality reduction of data [42, 43, 44, 45, 46, 47] 

Dimensionally Reduction Technique 
Principle Component Analysis (PCA) 

A chose linear transformation so the projected 
components achieve maximum variance. 

Factor Analysis (FA) 
Similar to PCA but it uses a factor loading matrix 

Linear Discriminant Analysis (LDA) 
A chosen linear transformation so that the 
projected components for each class are 
maximally separated from the projected 

components of the other class 

Independent Component Analysis (ICA) 
A chosen linear transformation for maximized 

independence of projected projects. 

Canonical Correlation Analysis (CCA) 
N linear transformations are chosen for N 

classes, so that the projected components of 
each class correlate maximally. 

Non-negative Matrix Factorization (NMF) 
A method which finds only factors with non-

negative elements. 

Every dimensionality reduction method has its advantages and disadvantages [44]. 

Due to the popularity of PCA and FA only these two will be explained. 

Let Vval be a vector expressed in Equation (4-17) with the values: 
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 Vval =  v1, v2 , … , vn  (4-17) 

A quite simple unobserved variable model, also known as a latent model, for each 

element of Vval can be written according to Equation (4-18): 

 vi = Whi + μof + ∊ (4-18) 

Where h  is an arbitrary vector, μof is an arbitrary offset, and ∊ represents the noise 

which can be modelled as a Gaussian normal distribution with mean 0 and covariance 

ψ. If hi is given, then for determining elements of M, the following implies the following 

probabilistic interpretation can be made, see Equation (4-19): 

 p vi|hi  = N Whi + μ + ∊,ψ  (4-19) 

However, for a complete probabilistic model a prior latent distribution for hi is 

necessary. The simplest assumption of h N 0,I  leads to Equation (4-20): 

 p vi  = N  μ , WWT + ψ  (4-20) 

If additional assumptions are made for the structure of the error covariance ψ, the 

probabilistic models of PCA and FA are achieved. For a probability-based PCA the 

error covariance can be expressed according to Equation (4-21): 

 ψ = σ2 I (4-21) 

Whereas for FA the error covariance is expressed by Equation (4-22): 

  ψ = diag ψ1,ψ2,…,ψn  (4-22) 

4.6 Data classification and regression 

For being able to differentiate between gypsum and anhydrite, Methods for data classi-

fication can be used. Nowadays, classification methods are perhaps some of the most 

used techniques around the world. Many modern applications have integrated 

statistical classification methods. Famous Identification applications such as Google 

Lens or PlantSnap, which can be found on the Google Play Store or Apple’s App Store, 

are based on statistical classification methods. Although most of these applications are 

based on complex neural networks, other techniques such as Ensemble classifiers, 
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Support Vector Machines for classification or Naive Bayes Classifiers are also powerful 

methods which have been used in many industrial applications. Although in most cases 

complex classification algorithms perform better than more simple ones, it is important 

to note that the degree of human understanding also depends on the model, which is 

used. It is possible for an engineer to understand the whole classification processes of 

a linear logistic classifier, however for the same person it is as simple or perhaps not 

possible at all to understand and identify problems which occur in a multi-layer 

neuronal network which is being used for classification. For the classification in this 

work the Random Forests and PCA based methods are used. 

4.6.1 Statistical data analysis 

In statistical data processing, data analysis by histogram and probability plot is often 

used. The shape of the distribution curve gives information about the general distri-

bution of the data, especially the identification of frequencies within the data range. A 

distinction is made between symmetrical normal distributions or left-skewed or right-

skewed forms. Rarely can the populations of the data groups be determined from a 

histogram. Particularly, if the data consists of different groups that are close to each 

other and overlap, a histogram does not provide a way to determine the populations. 

In such cases, statistical data analysis by probability plot is used to determine the 

populations in data sets. This method is especially useful for the analysis of data sets 

that are suspected to consist of different populations or even subpopulations. This 

method is used for example in data analysis in geochemistry and mineral exploration 

[48, 49]. 

4.6.2 Principal component regression 

As the name suggest, Principal Component Regression (PCR) is based on PCA, which 

has been discussed in the dimensionality reduction section before. PCR is usually used 

when a dataset contains many features and some of them strongly correlate. Per 

definition, principal components, latent variables or factors are defined as not directly 

measurable, implicit, orthogonal variables. Through the use of these principle compo-

nents complex information can be condensed to only a few orthogonal pieces of 

information, and used for further analysis  
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As the classification between different substances with different densities and the 

determination of the ore grade is the aim of this work, three matrices can be defined. 

For the first matrix called X of size z * n, each row represents a single sample, and 

each column represents a pre-calculated feature for the given sample. This data can 

still be refined through a dimensionality reduction algorithm. In this case PCA is used, 

although LDA, FA and other dimensionality reduction algorithms were also possible. 

The resulting matrix after the k component PCA transformation of matrix X was called 

matrix P. The third matrix, which the algorithm should be able to calculate from the 

input data in the future, is the result matrix Y. The result matrix Y has a size z * m where 

each row represents a single sample, and each column represents a quality 

characteristic of the given sample. A schematic overview of the process is shown in 

Figure 4.2. 

 
Figure 4.2: Schematic overview of the data classification method PCR 

4.6.3 Random forest classifier and regressor 

The concept of the random forest model was initially introduced by Breiman in 2001 

[50]. The first implementation of this method was done by him personally in FORTRAN. 

As from the name of the algorithm can be derived, random forests are a pool of decision 

trees established on random algorithms. Each tree in the algorithm is a Classification 

and Regression Decision Tree also known as CART. For a random forest model, the 

user initially adjusts multiple parameters, such as the number of trees, and thereafter 

a diverse set of trees is built through randomness in the creation process. The random 

forest classifier and the random forest regressor both are categorized as ensemble 

methods due to their nature of a collection of decision trees. When a prediction is made 

with a pre-trained random forest model, each individual tree predicts the results. Later, 

a majority voting for classification or an averaging for regression tasks is done and the 

result is presented to the user [50]. Random forest methods have gained a lot of 
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popularity due to their good predictions out of the box, meaning that even without initial 

parameter cross validation they can deliver plausible results [44]. 

4.6.4 Neural network 

In computer science community’s discussions about neural networks have started as 

early as the 1950s. As the training of neural networks required high computational 

power, it was not until the 1980s where it become useful and popular for many appli-

cations [51]. Advantages of neural networks are, that they can perform many tasks 

depending on their structure and implementation. Famous models such as the VGG16, 

VGG19, ResNet, Inception, and Xception all perform feature extraction and classi-

fication, and can achieve very high accuracy for object identification in images  

As the name of the model indicates, a neural network is a network of neurons. Neural 

networks usually consist of three different types of layers, where each layer contains a 

predefined number of neurons. The first layer in the neural network is the input layer, 

the second to the second last layer are the so-called hidden layers, and the last layer 

is called the output layer. Each neuron is a mathematical unit which performs certain 

mathematical operations on differently weighted incoming data from the previous node 

and passes it to the next node. The exceptions here are the input layer and output 

layer, which respectively do not have layers before or after them. The most used node 

today is the Rectified Linear Unit (ReLU) [52]. The mathematical function of a neuron 

is called the activation function. Before ReLU became a popular choice, the sigmoid 

function and the tanh function where mostly used. Additionally, many more activation 

functions exist which can be found in machine learning libraries such as PyTorch, 

Theano and Tensorflow [53].  

Neural networks are mostly associated with the term deep learning. Deep learning is 

the ability of a model to learn representations from data that puts an emphasis on 

learning successive layers of increasingly meaningful representations [51]. Modern 

deep learning models have tens or sometimes even hundreds of successive layers of 

representations, such as the VGG16 with sixteen layers or the VGG19 model with 19 

layers. These representations, which all depend on the weights and biases of the 

connections between the neurons, are all learned automatically from training data [51]. 

Figure 4.3 shows a simple setup of a dense or fully connected neural network. The 

input of the model is the Matrix X, and the output of the model is the matrix Y. in such 
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a network all nodes are connected to each other, and each connection possess a 

weight matrix Wand a bias vector b, which are optimized through an optimizer such as 

the Adam Optimizer. The goal of the optimization or training step is to minimize a 

predefined loss function. This loss statement is mostly the sum of all elements of the 

mean squared error result vector, as can be seen below [44]. 

 
loss =  yrealj

 - ymodelj
 

 2
N

n=1

 (4-23) 

 
Figure 4.3: Simple dense neural network schematic with a 3-node ReLU hidden layer, an output layer with r 

output neurons, and an input layer with m input neurons 

If a set of data is continually being generated in fixed periods of time, the data is called 

a time-series data. Time-series data can be found in many different applications such 

as stock market or weather trend predictions, as well as the online characterization of 

gypsum and anhydrite. For these types of data, instead of the fully connected neural 

networks with ReLU nodes, recurrent cells such as the Long-Term Short-Term Memory 

(LSTM) neurons are used. The different between these types of computational units 

and simple neurons such as ReLU is that the output of the recurrent cell is fed back 

into itself multiple times [53]. 
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5 Design of the laboratory analyser 

The laboratory equipment must be designed in such a way that the research 

hypothesis can be validated. For this purpose, it is necessary to investigate the 

influence of the defined four groups of technical parameters on the acoustic signal 

properties. As already explained, these groups result from the material-dependent 

properties, from the properties of the mass flow and from the properties of the oscillator 

and the sensor. 

Overall, the laboratory analyser is intended to simulate as far as possible the process 

of cuttings flow during the drilling of blast holes in the mine. If the research hypothesis 

is confirmed in the laboratory, in the final stage of the development the cuttings, which 

are produced during the drilling, should collide continuously as mass flow with an 

oscillator. The impulses generated during the collision are registered by an acoustic 

sensor. The simulation of the continuous mass flow of the drill cuttings and their 

collision with the oscillator requires a test device with a disperser. If samples are 

continuously dispersed dry and collide with an oscillator, the prerequisite for the 

simulation is given. For the detection of different influencing parameters, the laboratory 

device should have the necessary possibility to vary parameters. Based on the 

described requirements, the laboratory device shown in Figure 5.1 was designed. The 

laboratory device is assembled as follows. 

 
Figure 5.1: Setup of the laboratory analyser 
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It consists of a funnel for receiving the samples. The inner part of the nozzle is made 

of ceramic for wear protection. The nozzle allows the flow of grain sizes up to 2.5 mm 

diameter. The nozzle has three connections. The rear opening is for connection to the 

compressed air line. The upper connection is connected to the funnel. Here the sample 

flows into the nozzle. The front port is for the material flow after dispersion. The 

dispersed sample flows out of the front opening. The nozzle is connected to the box 

into which the dispersed sample flows. The box contains the oscillator. The position of 

the oscillator is designed so that the flow of the dispersed sample hits it directly. a 

sensor is integrated in the oscillator. The box has a drawer to remove the sedimented 

material after dispersion. A drainpipe is installed above the box. This pipe is connected 

to a cyclone, which in turn is connected to a vacuum cleaner. The cyclone is used to 

clean the fine dust before the air enters the vacuum cleaner. The main parameters of 

dispersion, the speed of the material after acceleration, the flow rate and finally the 

suction power of the nozzle will be controlled by adjusting the inlet pressure. For this 

purpose, a finely adjustable manometer is installed between the compressed air line 

and the nozzle. 

For each test, the material is placed in the funnel-shaped container. When the vacuum 

cleaner is switched on, the nozzle inlet pressure valve is opened. The pressure is 

always set before the start of the test. The sample is drawn into the nozzle by vacuum 

and dispersed into the box. The oscillator is located about 20 cm from the exit point of 

the nozzle. The sample collides with the oscillator during the entire dispersion time. 

The impulses are picked up by a sensor and transmitted and processed by the 

electrical unit. The following sections describe the main components of the laboratory 

analyser and discuss their characteristics. The selection of the components was partly 

based on dimensioning. 

5.1 The accelerometer 

The first step in the data acquisition and processing tool chain is the accelerometer. 

As the name suggests an accelerometer is a tool that measures the rate of change of 

velocity of a body in its own instantaneous rest frame and not the absolute or 

coordinate acceleration [54]. Accelerometers find use in a wide range of application 

such as in the inertial navigation systems for aircraft, almost all modern phones and 

tablets, and in drones for flight stabilization. In addition to these cases where the 
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accelerometer is used for orientation measurements, accelerometers can be used for 

machine health monitoring such as for rotating machines.  

Throughout the course of this thesis, an Integrated Electronics Piezoelectric (IEPE) 

accelerometer is used. The word piezoelectric finds its roots in the Greek word piezein, 

which means to squeeze or press. An accelerometer that makes use of the piezo-

electric effect of certain materials to measure dynamic changes in acceleration is called 

a piezoelectric accelerometer. As with all transducers, piezoelectric accelerometers 

convert the mechanical energy they experience into electrical energy and thus provide 

an electrical signal in response to the acceleration being measured [55]. 

Using the general sensing method upon which all accelerometers are based, 

acceleration acts upon a seismic mass that is restrained by a spring or suspended on 

a cantilever beam and converts a physical force into an electrical signal. A preload ring 

or stud applies a force to the sensing element assembly to make a rigid structure and 

insure linear behavior. Under acceleration, the seismic mass causes stress on the 

sensing crystals which results in a proportional electrical output. The output is collected 

on electrodes and transmitted by wires connected to the microelectronic circuitry in 

IEPE accelerometers [56]. This electrical output then can be used for further data 

analysis. A general setup of a piezoelectric accelerometer can be seen in Figure 5.2. 

 
Figure 5.2: Basic diagram of a piezoelectric accelerometer [56] 

5.2 The analog/digital converter 

After the analog signal has been created by the accelerometer, it needs to be 

converted to a digital signal for further data processing through a computer. The 
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electronics unit which converts the analog electric signal to a digital electric signal is 

called an A/D Converter or ADC. In more precise terms, an ADC converts a 

continuous-time and continuous-amplitude signal to a discrete-time and discrete-

amplitude signal. As this conversion involves quantization of the input signal it 

automatically introduces a small amount of error or noise. Furthermore, this process is 

done periodically instead of continuously. In each period the ADC samples the input 

and limits the allowable bandwidth of the input signal. 

The performance of an ADC can be characterized by the two factors. The first factor 

which can be mentioned is the sampling rate. In signal processing, the sampling rate 

is the rate at which the reduction of a continuous-time signal to a discrete-time signal 

is done. The second factor is the Signal-to-Noise Ratio (SNR). This characteristic by 

itself is influenced by many factors, including the resolution, linearity, accuracy, aliasing 

and jitter. The SNR of an ADC is often summarized in terms of its effective number of 

bits (ENOB), the number of bits of each measure it returns that are on average not 

noise. An ideal ADC has an ENOB equal to its resolution. According to the Nyquist-

Shannon sampling theorem, the required sampling rate for a sensor can be estimated 

before the application in the design phase of a system and needs to be at least twice 

the bandwidth of the signal to be measured. The functional block diagram of a modern 

ADC from Analog Devices can be seen in Figure 5.3. 

 
Figure 5.3: Functional block diagram of the AD4112 ADC from analog devices [57] 

5.3 Venturi nozzle 

The laboratory analyser described in chapter 5 was designed to simulate the mass flow 

during the drilling process. This device should contain a nozzle for the dispersion of 
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the samples. For this purpose, a nozzle working according to the Venturi principle was 

selected. The design of the nozzle is shown schematically in Figure 5.4. 

 
Figure 5.4: Schematic overview of the structure of a Venturi nozzle [58] 

The physical processes in a Venturi nozzle are based on continuity equations for 

stationary flows. According to the principle of mass constancy, the mass flowing 

through a pipe remains constant. The mass flow entering a pipe is equal to the mass 

flow leaving the pipe. This property is described by the principle of mass conservation. 

If a mass flow m1 with a velocity v1 and the density ρ1 flows into a pipe with the cross-

section A1 and a mass flow m2 with a velocity v2 and the density ρ2 flows into a pipe 

with the cross-section A2, the principle of mass conservation applies and is expressed 

by Equation (5-1): 

 A1 ⋅ v1 ⋅ ρ1 = A2 ⋅ v2 ⋅ ρ2 (5-1) 

     

with: A1  entry cross section (m²)  

 v1  entry velocity (m/s)  

 ρ1  material density at the entry point (kg/m³)  

 A2  outlet cross section (m²)  
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 v2  outlet velocity (m/s)  

 ρ2  material density at the outlet point (kg/m³)  

Where A1 represents the entry cross section, A2 represents the outlet cross section v1 

and v2 respectively stand for the entry velocity and the outlet velocity, and ρ1 and ρ2 

respectively denote the material density at the entry point and at the outlet section. For 

incompressible flows, the density "ρ" can be assumed as constant. It applies in 

Equation (5-2): 

 A1 ⋅ v1 = A2 ⋅ v2 (5-2) 

Provided that the fluid in the pipe flows without friction and no energy is supplied to or 

removed from it, the continuity equation can be extended by assuming the Bernoulli 

equation as follows, Equation (5-3): 

 v1
2

2
 + g ⋅ h1 + 

p1

ρ
 = 

v2
2

2
 + g ⋅ h2 + 

p2

ρ
 (5-3) 

     

with: h1  height of the entry point (m)  

 p1  pressure of the entry point (Pa)  

 h2  height of the discharge point (m)  

 p2  pressure of the outlet point (Pa)  

Where A1 represents the entry cross section, A2 represents the outlet cross section v1 

and v2 respectively stand for the entry velocity and the outlet velocity, and ρ1 and ρ2 

respectively denote the material density at the entry point and at the outlet section. For 

incompressible flows, the density "ρ" can be assumed as constant. It applies: 

Multiplying the equation with "ρ" leads to Equation (5-4): 

 v1
2 ⋅ ρ
2

 + ρ ⋅ g ⋅ h1 + p1 = 
v2

2 ⋅ ρ
2

 + ρ ⋅ g ⋅ h2 + p2 (5-4) 

Assuming a horizontal flow, the potential energy is not considered. This results in 

Equation (5-5): 
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 v1
2 ⋅ ρ
2

 + p1 = 
v2

2 ⋅ ρ
2

 + p2 (5-5) 

The following applies with reference to the preservation of mass expressed in 

Equation (5-6): 

 
v1 = 

A2

A1
 ⋅ v2 (5-6) 

Where ∆p is determined by Equation (5-7): 

 
∆p = 

1

2
 ⋅ v2

2 ⋅ ρ – 
1

2
 ⋅ 

A2

A1
 ⋅ v2

2

 ⋅ ρ (5-7) 

     

with: ∆p  suction pressure (Pa)  

Where Equation (5-7) can be transformed to Equation (5-8) respectively (5-9): 

 
∆p = 

1

2
 ⋅ v2

2 ⋅ ρ ⋅  1 –  
A2

A1
 

2

  (5-8) 

 

  



 

41 

where: 

 
v2 =  

2 ⋅ ∆p

ρ ⋅  1 –  
A2
A1

 
2

 

 
(5-9) 

Thus, the mass flow through the Venturi nozzle can be calculated by Equation (5-10) 

respectively (5-11): 

 m = ρ ⋅ A2 ⋅ v2 (5-10) 

     

with: m  mass flow (kg/s)  

where: 

 
m = ρ ⋅ A2 ⋅  

2 ⋅ ∆p

ρ ⋅  1 –  A2
A1

 
2

 
 

(5-11) 

The mass flow in a Venturi nozzle thus depends on the diameter of the nozzle at the 

inlet and at the outlet as well as the pressure difference and density of the fluid. 

A series of tests were carried out to dimension the mass flow for the laboratory tests. 

For this purpose, the suction pressure ∆p for different inlet pressures and different 

diameters of the compressed air supply line were carried out. In addition, the tests 

were carried out with two different pressure regulators in order to find an optimal 

combination of the devices for the laboratory tests. 

Depending on the diameter of the compressed air pipe, the Venturi nozzle generated 

a differential pressure or suction pressure ∆p of 140 to 280 mbar. The tests show that 

the influence of the diameter of the pipe depends on the choice of the compressed air 

regulator. The influence can be significantly reduced if the regulator is selected 

correctly. According to the results of the tests, the suction pressure increases linearly 

and relatively quickly with increasing inlet pressure up to a pressure of 1.5 bar. From 

a pressure of 1.5 bar, the suction pressure increases only insignificantly. With a 

pressure of 4 bar a suction pressure of 400 mbar could be reached. The results of the 

tests are shown in Graph 5.1 to Graph 5.3. 
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Graph 5.1: Influence of the air pressure and diameter of the air pipe on the suction pressure of the nozzle 

(pressure regulator type A)  

 
Graph 5.2: Influence of the air pressure and diameter of the air pipe on the suction pressure of the nozzle 

(pressure regulator type B) 
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Graph 5.3: Relationship between the compressed air and the suction pressure for different pipe diameter 

Another important requirement for the selection of the Venturi nozzle is a high wear 

resistance. The mineral samples can have Mohs hardness of up to 7. In combination 

with a high speed the samples are very abrasive. Therefore, a Venturi nozzle with a 

ceramic inner component was chosen for the laboratory analyser. In addition, a Venturi 

nozzle was chosen whose design and function resembles that of a spray gun. With the 

help of this component it is possible to pick up and accelerate large quantities of 

material with a very high suction force, even with small amounts of compressed air. 

The selected Venturi nozzle consists of two parts. In the first part there is an injection 

nozzle. The accelerated air enters a chamber which has a much larger diameter than 

the injector nozzle. In this area a vacuum or suction pressure is created due to the 

Venturi effect. The chamber is open at this point. The sample is fed through this 

opening to the Venturi nozzle. The suction pressure draws the sample into the 

chamber. The second part of the nozzle is connected to this section. The relaxed air, 

which has a high velocity, mixes with the sample and enters a second Venturi nozzle. 

The mixture of air and sample is accelerated at the end of the second nozzle. 

The following parameters of the Venturi nozzle are used to calculate the volume flow 

and mass flow. The dimensions of the nozzle and the dimensions of the relevant parts 

are shown in Figure 5.5 and Table 5.1. 
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Figure 5.5: Information sheet about the used Venturi nozzle from Fox Venturi Educators [58] 

Table 5.1: Dimension of the nozzle 

Section Diameter (cm) Area (cm2) 

A: Motive 1.10 0.95 

B: Suction 2.10 3.46 

C: Venturi 0.88 0.61 

D: Discharge 2.10 3.46 

The negative pressure (vacuum) can be varied by the pressure of the air supplied to 

the nozzle, as explained above. Considering the dimensions of the respective cross-

sections of the nozzle, the volume flow or mass flow can be calculated. If the air has a 

pressure of 0.7 bar, the nozzle generates a differential pressure of 186 mbar. The 

following calculations show that in this case the nozzle generates a mass flow of 

18.86 g/s or a volume flow of 0.2281 m3/s. 

To determine the mass concentration during dispersion, the selected Venturi nozzle 

was connected to the laboratory analyser. Different differential pressures were 

generated by regulating the compressed air. After the differential pressure was 

adjusted, tests were carried out. During the tests, one kilogram of gypsum with a 

particle size of less than 250 µm was always fed to the nozzle and the time for 
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dispersion was measured. The nozzle needs between 53 and 69 seconds for 1 kg of 

gypsum depending on the pressure difference. Considering the above calculations, a 

pressure difference of 186 mbar results in a mass concentration of 82 g of sample per 

standard cubic meter of air. The results of the laboratory tests are shown in Graph 5.4. 

 
Graph 5.4: Results of the laboratory tests 

5.4 Selection of the oscillator 

Experience shows that the signal quality, especially the signal to noise ratio, depends 

on the shape of the oscillator and its composition. In order to select the optimal shape 

of the oscillator, laboratory tests were carried out in advance. Investigations for the 

development of an online particle size analyser have shown that the hemispherical 

oscillators provide good signal quality. To verify this, experiments were carried out with 

two different oscillators. In the first case a tungsten carbide pin was used as oscillator. 

This is mounted in such a way that the sample hits the pin along the longitudinal axis 

after dispersion. The sensor is attached to the cross-section of the pin. The flow 

direction or pulse direction and sensor axis form an angle of 90 degrees. It is assumed 

that the shock waves reflect several times before reaching the sensor. In the second 

case the sensor is located behind a hemispherical oscillator. The flow direction and the 

sensor axis are the same. Both versions are designed to be mounted on the top cover 

of the box. These variants are shown in Figure 5.6. 
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Figure 5.6: Structure of the oscillators pin (left) and semi-sphere (right) 

The results of the tests are shown in Graph 5.5 to Graph 5.8 as an example of a test 

run with cuttings. The signals resulting from the collision between the cuttings and the 

elongated oscillator (pin) are relatively weak. The signals resulting from the collision 

between the cuttings and the spherical oscillator are higher by a factor of ten. The 

frequency analysis of the signals shows that the signals from the spherical oscillator 

are more energetic over the entire frequency spectrum. Furthermore, no resonance 

oscillation can be detected with this type. Additionally, it can be stated that signal to 

noise ratio of this type of oscillator is very high and simplifies the signal processing. 

The elongated oscillator shows an interference of the oscillation by resonance at 

12 kHz and 20 kHz or 24 kHz. Based on the results of the investigation, a spherical 

oscillator should be chosen for the laboratory tests. The analysis of the signals 

generated by the collision of samples with such an oscillator allows a better 

differentiation of the samples depending on their density. 
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Graph 5.5: Raw signal for spherical oscillator 

 
Graph 5.6: Raw signal path for pin-shaped oscillator 
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Graph 5.7: Spectral analysis of signals for pin-shaped oscillator 

 
Graph 5.8: Spectral analysis of signals for spherical oscillator 

5.5 Selection of the data classification algorithm 

The signal processing is performed with the data from the accelerometer. During 

laboratory tests the flow parameters are kept constant. For the field tests, the machine 

data are added to the data of the accelerometer and processed. 

After the acquired time series data is obtained, it is processed by frequency domain 

and time domain methods. Initially the raw signal is filtered using a band-pass filter. 
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This is necessary to be able to only select the frequencies where the sensor operates 

linearly as well as filtering out unnecessary signals and noise. Even after this step the 

acquired raw digital signals are usually very large in size and one is not able to 

efficiently use these data without high computing capabilities. Thus, time series data is 

usually divided into fixed periods of time, where for each period certain statistical 

characteristics are calculated which represents the data. Each one of these 

characteristics is called a feature. Many features based on time series data analysis 

based have been suggested. 

In addition, a fast Fourier transformation (FFT) is performed on the selected signal 

periods and the results are used additionally. Furthermore, as mentioned above, 

additional data from the machine are combined with the properties of the acoustic data 

and used for further analysis and result prediction. Two algorithms are developed for 

the prediction of the ore grade. One algorithm based on multivariate data analysis PCR 

and one algorithm based on statistical probability. 
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6 Basic verification of the hypothesis 

The developed laboratory analyser is used for all laboratory tests. Based on the 

objectives of the research, a basic validation of the hypothesis is first carried out. For 

this purpose, gypsum and anhydrite samples are examined. The samples were taken 

from pure gypsum and anhydrite. The samples were separated by pre-screening to a 

grain size of less than 180 µm. The samples were dispersed with the laboratory 

analyser by means of a Venturi nozzle as described above and collided with the 

oscillator. The waves created by the collision of the particles with the oscillator were 

recorded by the accelerometer. The raw signals generated from gypsum and anhydrite 

differed in intensity and frequency spectrum. At certain frequencies they showed up to 

100 % differences in intensity. As was assumed in the hypothesis, the anhydrite grains 

generate a much stronger impulse than the gypsum grains when they collide with the 

oscillator. The difference in the signal intensity will be attributed to the fact that the 

cuttings, which consist of gypsum or anhydrite, give different pulse to the sensor due 

to the different density. The results of this analysis are shown in Graph 6.1. 

 
Graph 6.1: Signal intensity for gypsum and anhydrite (fraction 0 - 180 µm) 
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7 Determination of the influence of grain size 

For the determination of the influence of the particle size, the samples were divided 

into five different grain classes. The grain classes were chosen very narrowly so that 

an almost uniform grain size was achieved. The range of grain sizes in one class is 

only 30 µm. The respective classes were then analysed up to 50 times. The frequency 

analysis of the raw signals shows that the signal intensity seems to be a function of the 

particle size. With constant particle size, the signals of the gypsum showed only half 

the intensity of the anhydrite signals. Conversely, it can be concluded from this that an 

online detection of the gypsum and anhydrite, is still possible even if they are not 

present in the same particle sizes. It should also be noted that the online detection of 

gypsum and anhydrite does not require the generation of very narrow particle size 

classes. For particle size classes 32 - 63 µm, 63 - 90 µm and 90 - 125 µm detection of 

gypsum and anhydrite is possible when using the frequencies starting from 10 kHz, 

see Graph 7.1 and Graph 7.2. Graph 7.3 documents the signal characteristics or 

gypsum and anhydrite as examples.  

 
Graph 7.1: Frequency spectrum and signal intensity of anhydrite samples for different particle size classes 
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Graph 7.2: Frequency spectrum and signal intensity of the gypsum samples for different particle size classes 

 
Graph 7.3: Frequency spectrum and signal intensity of the anhydrite and gypsum samples of the particle size 

class 63 - 90 µm 

To determine the repeatability of the results, the samples were examined several times 

and the results were evaluated. The repeatability of the results could be proven for all 

particle size classes. A comparison of the signal intensities for gypsum and anhydrite 

as a function of the particle size class shows that the intensity of the signals generated 

by anhydrite are by a factor of 1.31 to 2.23 greater than the amplitude of the signals 
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generated by gypsum. Graph 7.4 shows the intensity ratio between anhydrite and 

gypsum. 

 
Graph 7.4: The ratio of signal intensity between anhydrite and gypsum for different particle sizes 
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8 Determination of the influence of particle size 

distribution 

During the investigation step described above, very narrow particle size ranges were 

selected and investigated to determine the influence of particle size on the signal 

properties. It was shown that for all grain classes the signal intensity of gypsum and 

anhydrite differs significantly. Within the scope of the extended investigations the 

influence of the grain size distribution on the signal properties was investigated. This 

investigation is important because in practice it may be very difficult to prepare the drill 

dust in a narrowly limited grain spectrum for the analysis. 

For this purpose, gypsum and anhydrite samples were taken from a mine again. These 

samples were first crushed in the mine and examined for their crystal water properties. 

The anhydrite samples had 0.21 % water of crystallization, while the gypsum samples 

had 20.03 % water of crystallization. This corresponds to a purity of 97 % for gypsum 

samples and a purity of 2 % for anhydrite samples. Screening of the samples showed 

that the anhydrite samples were coarser than the gypsum samples. The particle size 

distribution of gypsum and anhydrite after crushing in the mine is shown in Graph 8.1. 

According to the hypothesis, the collision of an anhydrite grain leads to a higher signal 

intensity than a gypsum grain of the same diameter, if the velocity of the grain remains 

constant. This principle has been confirmed in previous experiments even for narrow 

grain ranges. 

The screening results of the crushed samples show that the gypsum is finer than 

anhydrite in all fractions. In this respect it is to be expected that the signal intensity of 

anhydrite is automatically higher because the anhydrite grains are larger than the 

gypsum grains. With such a material condition, the desired influence cannot be 

determined. 
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Graph 8.1: Particle size distribution of the investigated samples 

To obtain samples with approximately the same grain size distribution, the anhydrite 

samples were subjected to a two-stage milling. The first, ten-minute stage led to a 

considerable reduction in the particle size of the anhydrite particles. Especially the 

grain fraction larger than 90 µm had almost the same grain size distribution as gypsum 

samples. After a further twenty-minute milling the anhydrite sample became even finer 

than the gypsum samples for fractions larger than 63 µm, see Graph 8.2. 

 
Graph 8.2: Sieve analysis of gypsum and anhydrite samples. Anhydrite was crushed in two steps 
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The results of this stage are shown in Graph 8.3. In all tests the signal of the anhydrite 

has a higher amplitude than the signals of Gypsum up to a frequency of 14 kHz. The 

difference between the amplitudes of gypsum and anhydrite is reduced with the 

fineness of the anhydrite grains. Because the curves of the particle size distributions 

of gypsum and fine or very fine anhydrite intersect, it is very difficult to derive a clear 

statement from these results. In the sample from the first milling stage, the anhydrite 

is coarser than gypsum up to a particle size of 90 µm. Above 90 µm the grain sizes of 

gypsum and anhydrite are equal. In the sample from the second grinding stage, the 

grain size of anhydrite below 80 µm is larger than gypsum. Above 80 µm, anhydrite is 

finer than gypsum. To avoid misinterpretation, the samples were screened again at 

60 µm and tested. The result of this test is shown in Graph 8.4. Although the anhydrite 

in the grain fraction is finer than gypsum, the amplitudes of the signals from anhydrite 

are 18 % higher than gypsum. Overall, these test series show that the influence of the 

particle size distribution on the measuring accuracy is very large. 

 

Graph 8.3: Frequency spectrum and signal intensity of gypsum and anhydrite samples with different particle size 
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Graph 8.4: Frequency spectrum and signal intensity of gypsum and anhydrite samples with a grain size < 60 µm 
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9 Determination of the Influence of moisture 

To determine the influence of the moisture of the samples numerous tests were carried 

out with the respective samples. The determination of the influence of moisture is 

particularly relevant for the practical application of the method. In the near-surface part 

of the deposit the water content of the ore is relatively high due to infiltration of surface 

water. In the deeper part of the deposit the moisture usually decreases. Below the 

groundwater level, the humidity rises again due to the saturation of the rock. In general, 

the cuttings moisture changes depending on the location of the drill in the mine. In this 

test group, the samples with different moisture were dispersed at different speeds. On 

the one hand, the influence of the change of the degree of moisture on the signal 

properties was to be investigated, on the other hand, the influence of the velocity on 

the signal intensity was to be determined for different moisture contents. 

In this test series the samples were dispersed according to the procedure described in 

chapter 6. To find the optimum nozzle setting, the inlet pressure was varied. Experi-

ments were carried out with inlet pressures of 0.4 bar, 0.6 bar, 0.8 bar and 1 bar. To 

determine the influence of moisture, partial quantities of the drill dust samples were 

dried before dispersion. These samples were stored for about 24 hours at 40 °C in a 

drying cabinet. The moisture of the samples was about 4.5 %. 

The results of these tests show that the signal intensities of undried samples are 

stronger than those of dried samples. This is because the moisture of the samples acts 

like a damper during the collision. The kinetic energy is partly consumed as defor-

mation energy of the particles. The frequency analysis of the signal shows that the 

moisture leads to a frequency shift. The signal pick between 6 kHz and 7 kHz shifts in 

the higher frequency range. This property of the signal to exhibit a frequency shift 

depending on the moisture of the sample is a measurable indicator that can be used 

for signal interpretation. The higher the water content of the sample, the more there is 

a frequency shift. This frequency shift can be used for a calibration. Thus, the water 

content of the sample is determined during the measuring process by the frequency 

analysis. This allows a normalization of the signal for a more precise determination of 

the ore grade. A further result of this test series is that the influence of moisture on the 

signal property is frequency dependent. The difference in signal intensity is relatively 

small between a few Hz and 4 kHz. Between 4 kHz and 7 kHz the difference reaches 

its highest value. Between 9 kHz and 24 kHz the difference in intensity is average. It is 
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noteworthy that for a frequency band between 8 kHz and 8.5 kHz the signal intensities 

are almost equal. This means that in this frequency band the moisture has no influence 

on the signal intensity. This result is also particularly important for the use of the online 

analyser in the practice. By filtering the signal, the influence of the water content on 

the analysis can be reduced to a minimum. Graph 9.1 shows the spectral lines for all 

experiments where the intensity of the signals increases with decreasing humidity. 

 
Graph 9.1: Comparison of the intensities of the mixed sample before and after drying over all frequencies 
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10 Online detection of gypsum and dolomite 

The previous investigations were carried out with gypsum and anhydrite. In the 

sedimentary sequence of evaporates, gypsum, anhydrite and dolomite occur more 

frequently together. For quality control in mining it is important to be able to distinguish 

these minerals online. In a stratified deposit the layer boundaries often change due to 

tectonics. Small-scale folding and disturbances change the spatial position of the 

interfaces between the respective sediments. The geological formation preconditions 

also led to the formation of local lenticular or stock-like formations within the deposit. 

This change makes quality control in mining very difficult. 

For the practical application of the online analyser it is therefore important to distinguish 

between gypsum and dolomite. Dolomite has a density of about 2.84 g/cm3. The 

density of gypsum and dolomite differ by 0.52 g/cm3. Based on the results of the 

examination of gypsum and anhydrite it is expected that a distinction between gypsum 

and dolomite is also possible. For this purpose, drill dust samples from a mine were 

selected for the laboratory tests. 

For the laboratory tests samples were taken from a mine. The gypsum sample has a 

crystal water content of 19.37 % and a degree of purity of 92.56 %. The dolomite 

sample has a purity of 2.23 %. These samples were subjected to intensive crushing 

with the aim of creating equal conditions in terms of grain size distribution. The grain 

size distributions of these material can be seen in Graph 10.1 below. 

 
Graph 10.1: Particle size distribution of the investigated samples 

0

10

20

30

40

50

60

70

80

90

100

10 100 1.000

P
as

si
ng

 (
%

)

Particle Size (µm)

Gypsum Dolomite



 

61 

After carrying out various online measurements for various grain fractions of the 

respective samples and recording their signal intensities, the results were 

subsequently compared. All investigations for samples smaller than 335 µm showed a 

clearly measurable difference in signal intensity as a function of purity. It should be 

noted that the signal intensity increased with decreasing purity and crystal water 

content. The results of the laboratory test for samples with a particle size between 250 

and 355 µm are shown in Graph 10.2. 

 
Graph 10.2: Frequency spectrum and signal intensity of the fraction 250 - 355 µm for all samples 

The signal analysis shows that in the whole frequency spectrum the signals resulting 

from the collision of dolomite are up to 250 % more intense than the signal intensities 

of the gypsum samples. This investigation step also confirms the hypothesis of the 

research. It is possible to make a material differentiation on basis of density when the 

cuttings collide with an oscillator and the signals are recorded and analysed. 
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11 Investigations to classify the drill cuttings 

The previous investigations show that a distinction between gypsum and anhydrite or 

gypsum and dolomite is possible for a wide particle size distribution. However, it was 

calculated in chapter 4.3 that, due to the material properties of gypsum and anhydrite, 

the deviation of the grain sizes in all grain fractions must be less than 16 %, so that a 

detection of the materials based on the pulse is still possible. It is assumed that this 

condition is present in the drilling process. Nevertheless, based on the results obtained 

so far, the online analysis will be the more accurate the more similar the particle size 

distributions of gypsum and anhydrite are. In this respect, the possibility of pre-

classifying the cuttings will be included in the investigations. The following aspects had 

to be considered when selecting a classifier, considering the technical requirements 

and conditions of the field: 

 Good selectivity 

 Low wear 

 Minimum space requirement 

After thorough research, a so-called zigzag classifier was selected for the task. This is 

a countercurrent classifier in free fall with a zigzag-shaped channel. Figure 11.1 shows 

the device selected for initial laboratory tests. The classifier consists of an input hopper, 

a dosing device in the form of a vibrating channel, the zigzag-shaped channel, coarse 

grain container, fine grain container as well as a flow machine (vacuum cleaner) and a 

cyclone. The vacuum cleaner generates an air flow. The fresh air is sucked in by the 

lower, open part of the zigzag separator. It flows upwards in the separator chamber 

and passes through the cyclone in the upper part of the separator and ends up in the 

vacuum cleaner, where it is finally filtered. The material to be classified is filled into the 

upper hopper. When the classifier is switched on, the material is fed to the classifier 

via a vibrating chute. The material moves downwards in a zigzag shape through the 

separator chamber against gravity. The fine particles are carried upwards by the air 

flow of the vacuum cleaner and separated in the cyclone, while the coarse material 

falls downwards and is collected there. The adjustment of the separator or the 

separation cut is carried out via the control of the vacuum cleaner. 
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Figure 11.1: Experimental apparatus for classification, zigzag separator 

For the investigations, the samples from two mines were first sieved. The grain class 

0 - 2000 µm was selected for the classification by means of separator. This grain class 

corresponds approximately to the grain size distribution of the drill dust. In a first test 

series an air velocity of 4.17 m/s with an air volume flow of 24 m³/h was adjusted. The 

separator has two throughput stages of 16 kg/h and 40 kg/h due to its dimensions. At 

a throughput rate of 16 kg/h, the Samples were classified. These tests were repeated 

several times for 4 kg sample. The results of three tests with sample from the first mine 

are shown in Graph 11.1. The orange grading curve corresponds to the grain size 

distribution of the feed material. With the selected setting, the fines contain 

approximately 100 % grain size with less than 700 µm and 50 % less than 125 µm. 

The classification of 4 kg of sample took 6 minutes. Per minute 660 g were classified. 

Considering the classification results for the grain size classes smaller than 700 µm 

and smaller than 125 µm, the classifier can prepare between 600 g per minute or 330 g 

sample in the mentioned classes for online measurement. 
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Graph 11.1: Results of the classification of the sample from first mine 

Graph 11.2 shows the results of the same investigation series for the samples from the 

second mine. With the same setting, the fines contain approximately 100 % grain size 

with less than 1,000 µm and in average 60 % less than 125 µm. The classification of 

4 kg of sample took 15 minutes. Per minute 266 grams were classified. Considering 

the classification results for the grain size classes smaller than 700 µm and smaller 

than 125 µm, the classifier can prepare between 160 g/min to 250 g/min samples in 

the mentioned classes for online measurement. 
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Graph 11.2: Results of sample classification from second mine 

In a second series of investigations a throughput rate of 40 kg/h was used, the samples 

were classified with air flow of 24 m³/h and an air velocity of 4.17 m/s. The results of 

the investigations show that the separation rate decreases considerably at higher 

throughput rates. While at a throughput of 16 kg/h approx. 60 % of the fines are smaller 

than 125 µm, at a throughput of 40 kg/h the proportion of these grains drops to 30 %. 

As a result, for practical application, where around 12 kg of drilling dust is produced in 

around 60 seconds during the drilling of a borehole, only a partial flow of the cuttings 

must be fed to such a classifier. The results of this analyses are shown in Graph 11.3. 
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Graph 11.3: Results of sample classification for an hourly feed of 40 kg 
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12 Moisture influence on the classification of cutting 

The previous investigations were carried out with dry samples. In the mine it can be 

assumed, as already mentioned, that cuttings are wet. To investigate the influence of 

the moisture content on the classification, samples were taken from a mine. The 

samples have a moisture content of 4.5 %. To determine the particle size distribution 

of the samples, they were screened before classification. The results of the grain size 

analysis of the samples are shown in Graph 12.1. The samples were tested in the 

classifier. The classifier was adjusted with the parameters. The test results show that 

the moisture content has an influence on the classification. The separation cut off is 

within 1,000 µm. About 97 % of the sample has a grain size smaller than 1,000 µm. 

The percentage of grains smaller than 125 mm is 38 %. The comparison of the 

classification of dry and wet samples shows that the percentage of grains smaller than 

125 mm in the wet samples is 25 % lower than in the dry samples. Nevertheless, it is 

possible to classify the drill cuttings during drilling to prepare the samples for online 

quality analysis. Graph 12.2 shows the result of the classification. 

 
Graph 12.1: Particle size distribution of samples 
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Graph 12.2: Result of the classification of the samples at a separation cut-off of 0 - 355 µm 
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13 Quantitative analysis of samples 

The results so far have shown that online detection of gypsum and anhydrite or gypsum 

and dolomite is possible based on the developed method. A prerequisite for the online 

analysis is that the particle size distribution of the samples remains approximately the 

same. The analysis would give incorrect results if the diameter of the gypsum grains 

in all classes is more than 16 % larger than that of the anhydrite grains or the diameter 

of the anhydrite grains in all classes is less than 85 % of the diameter of the gypsum 

grains. In practice, if all the anhydrite grains are larger in diameter than the gypsum 

grains, no misanalysis will occur.  

It is assumed that during the drilling process the cuttings from anhydrite will be 

relatively coarser than cuttings from gypsum. The relatively higher hardness of the 

anhydrite would cause this effect. On the Mohs hardness scale, gypsum has a value 

of 2 and is characterized by an elasticity modulus of 35.5 GPa and an axial 

compressive strength of 12 -15 N/mm². Anhydrite is characterized by a Mohs hardness 

of 3 to 3.5, a modulus of elasticity of 63.8 GPa and an axial compressive strength of 

72 - 133 N/mm². During drilling tests in the laboratory, it has been noted that the 

properties of anhydrite lead to coarser drill cuttings than drilling gypsum. The samples 

taken from the mine for the test series were first crushed in the laboratory. With the 

same crusher setting and crushing time, the anhydrite samples always produced 

coarser output material. To achieve the same particle size distribution as in the gypsum 

samples, the anhydrite samples were crushed in a multi-stage process. 

Based on these results, further laboratory work was focused on investigating the 

possibility of a quantitative online analysis of samples using the developed method. 

For this purpose, both gypsum and anhydrite samples were taken from the mine. The 

samples were first crushed in the laboratory. The milling was continued until the grain 

size of the samples was less than 1,000 µm. The aim of the milling process was to 

produce an equal particle size distribution for the gypsum and anhydrite samples. The 

grain size distribution of the samples is shown in Graph 13.1. 
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Graph 13.1: Particle size distribution of gypsum and anhydrite samples 

The gypsum and anhydrite samples were then homogenized and analysed. The 

gypsum sample showed a purity of 84.55 %. The anhydrite sample demonstrated a 

purity of 3.12 %. From the homogenized samples 21 composite samples were 

prepared. Two of the samples consisted of 100 % gypsum (purity 84.55 %) and 

anhydrite (purity 3.12 %). The remaining 19 samples were composite of gypsum and 

anhydrite with the stated purity. The mixing ratio was adjusted in 5 % steps. For all 

composites the purity was calculated and verified by chemical analysis. The results of 

the sample preparation are shown in Table 13.1. 
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Table 13.1: Mixing ratio of the samples and their purity 

Sample Anhydrite (%) Gypsum (%) Purity (%) 
A0 0 100 84.55 
A5 5 95 81.06 
A10 10 90 77.78 
A15 15 85 74.02 
A20 20 80 70.07 
A25 25 75 66.31 
A30 30 70 61.16 
A35 35 65 57.44 
A40 40 60 52.98 
A45 45 55 49.08 
A50 50 50 44.74 
A55 55 45 40.25 
A60 60 40 36.16 
A65 65 35 32.22 
A70 70 30 27.91 
A75 75 25 24.27 
A80 80 20 20.36 
A85 85 15 15.86 
A90 90 10 11.52 
A95 95 5 7.52 
A100 100 0 3.12 

The gypsum and anhydrite samples and some mixed samples were additionally 

examined by X-ray diffraction. The results are shown in the Figure 13.1. The impurities 

are mainly anhydrite. The samples also contain a small amount of dolomite. 

 
Figure 13.1: Results of X-ray diffractometry. Samples A0 and A100 correspond to "pure" gypsum and anhydrite 

samples from the open pit. 



72 

The samples produced in this way were then tested with the laboratory equipment. 

Each sample was examined 5 times. A total of 105 tests were performed. The signals 

were recorded and subsequently analysed. Graph 13.2 shows an example of a time 

signal for one of the 105 tests. Graph 13.3 shows the results of the FFT analysis for all 

samples. 

 
Graph 13.2: Time dependent intensity of the unfiltered signal 

 
Graph 13.3: Frequency analysis of the signals from all samples 
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The signal evaluation was carried out according to the methods described in 

chapter 6.5. The time signals were processed in different stages after filtering. In a first 

step the signal intensities of the respective experiments were determined after the FFT 

analysis of the time signal. The results demonstrate a linear relationship between the 

purity of the samples and the signal intensity. In other words, the signal intensity 

increases with increasing amount of anhydrite in a sample. The signal intensity of the 

sample with a purity of 3.12 % is 67 % higher than the sample with a purity of 84.55 %. 

The linearity can be described by the following ratio. An average change in the degree 

of purity of 1 % results in a change in signal intensity of 0.8 %. The results of the data 

analysis are shown in Graph 13.4. 

 
Graph 13.4: Relationship between signal intensity and purity 

The slight fluctuations in the values or the deviation of the values from the 

mathematical functional equation are due to the abrupt change in the purity of the 

respective composites. This is because of the fact, that the difference in the degree of 

purity of prepared composites is not the same. The first evaluation confirmed the 

results of the previous test and shows a basic possibility of quantitative online analysis 

of ore grade. In an initial approximation, the intensity of the signal can be used as an 

indicator for determining the degree of purity of the gypsum. 
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In a second step of signal analysis, the distribution of signal intensities of all samples 

was displayed as a histogram. The intensity varied between about 4.5 mV and 

39.6 mV. The histogram is positive skewed. The low intensities contain noise signals, 

which are generated when the samples are dispersed by a Venturi nozzle. The 

deflections with high intensity result from variable environmental conditions or is 

caused by the collision of single coarse grains with the oscillator. The mean value of 

the signal intensity demonstrated a value of about 8, the histogram is shown in 

Graph 13.5. 

 
Graph 13.5: Distribution of the signal intensities 

As expected, signal populations dependent on the quantity of samples cannot be 

derived from the histogram. To determine the populations, the probability plot was 

created for the respective signals of the experiments carried out. Graph 13.6 shows 

the Probability Plot for all samples. As expected, the individual populations are not 

normally distributed. The influence of noise is visible in the low intensity range. The 

same can be observed for outliers in the higher intensity range. The Probability Plot 

shows that with a probability of 80 % to 90 % a relatively good differentiation of the 

individual populations in the intensity range from 8 mV to 14 mV is possible. The 

samples A0, A05 and A10 with a purity of 84.55 %, 81.06 % and 77.78 % respectively 

can be clearly distinguished. The same applies to samples A100, A95 and A90 with a 

purity of 3.12 %, 7.52 % and 11.52 % respectively. For all other samples, the signal 
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intensity can be assigned at 80 % and 90 % probability. However, it appears that this 

sometimes results in an error of up to 10 % in the analysis results. 

 
Graph 13.6: Probability plot of the signal intensities of the samples 

Due to the lack of clarity in the probability distribution of the signal intensities of the 

individual samples, the samples were combined into groups. From the 21 samples 8 

groups were formed, which are characterized by different degrees of purity. The raw 

signals of these groups were again subjected to signal processing. Based on the data 

of the respective groups, the probability distribution was calculated and plotted in a 

probability plot. The results of these calculations are shown in Graph 13.7. The 

Figure shows the course of the probability curve for a probability of 30 %. The cut off 

of 30 % probability was chosen to eliminate the noise component of the signals. 
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Graph 13.7: Probability plot of the groups at a cut-off of 30 % probability 

It is noticeable by the new probability plots that a clear quantitative differentiation of 

groups with different degrees of purity is possible. For further investigations, the 

progression of the probability curves was interpolated at a cut off probability of 30 %. 

The single points were replaced by an adjusted continuous curve. The mathematical 

functions of the probability plots are the basis for a validation of the results. They are 

part of the algorithm for online analysis of the ore grade, see Graph 13.8. 

 
Graph 13.8: Interpolated probability plots at a cut-off of 30 % probability 
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The validation should confirm the accuracy and repeatability of this method of online 

analysis. For the validation 15 additional samples were prepared from the crushed 

gypsum and anhydrite samples. The prepared composites have a degree of purity 

between 27.5 % and 81.9 %. The purity of the samples is shown in Table 13.2. 

Table 13.2: The purity of the samples for validation 

Sample Purity-Laboratory (%) 
1 43.83 
2 47.72 
3 57.73 
4 45.02 
5 37.93 
6 34.48 
7 33.29 
8 30.74 
9 23.84 
10 76.63 
11 72.90 
12 65.02 
13 81.92 
14 79.09 
15 27.55 

For the validation, the samples were prepared randomly. The purity of the samples 

reflects real conditions in a mine. 15 samples were tested with laboratory equipment. 

The signals from each test were then further processed after filtering and FFT analysis. 

The probabilities were calculated from the determined signal intensities. Graph 13.9 

shows the probability plots of the 15 samples. This graph shows the probability plot for 

the cut off of 30 % probability for each sample, the intensity at 80 % signal probability 

was selected and entered into the general probability plot already created. The results 

of the validation are shown in Graph 13.10. Graph 13.11 shows the comparison of the 

analysis results by laboratory and online method. Table 13.3 shows the results and the 

differences of the values in tabular form. 
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Graph 13.9: Probability plot of the groups at a cut-off of 30 % probability 

 
Graph 13.10: Intensity of the validation samples at a probability of 80 % shown in the calibration function 
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Graph 13.11. Comparison of the laboratory results with the results of the Probability Analysis 

Table 13.3: Comparison of the laboratory results with the results of the Probability Analysis 

Sample Purity-Laboratory (%) Purity-Online (%) Deviation (Laboratory-Online) (%) 
1 43.83 39.60 4.24 
2 47.72 46.82 0.90 
3 57.73 53.86 3.87 
4 45.02 44.15 0.88 
5 37.93 39.06 -1.13 
6 34.48 44.32 -9.85 
7 33.29 31.36 1.93 
8 30.74 36.75 -6.01 
9 23.84 12.32 11.52 
10 76.63 77.70 -1.07 
11 72.90 77.60 -4.70 
12 65.02 64.95 0.07 
13 81.92 83.50 -1.58 
14 79.09 82.20 -3.11 
15 27.55 38.08 -10.53 

The validation shows that, based on the probability calculations, a relatively accurate 

prediction of the ore grade of the 15 samples is possible. The comparison of the results 

from the laboratory analysis and the online analysis shows a difference of 0.88 % to 

11.52 %. The comparison of the deviation of the results of laboratory and online 

analysis depending on the degree of purity allows a better evaluation of the results. 
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The results of samples with a purity level higher than 50 % differ between 0.07 % and 

4.7 % from the laboratory results. The difference between laboratory and online results 

of samples with a purity level lower than 50 % is higher. The deviation of these samples 

is between 0.88 % and 11.52 %. 

For the practical application of the online method it is important that the deviation is 

lower, especially for parts of the deposit with a higher ore grade. Normally, deposit 

parts with a purity level of less than 50 % are relatively well known and are not mined. 

As explained in chapter 4.6 different algorithms were chosen for the development of 

the online procedure. One algorithm is based on the statistical method of probability 

calculation and determination of ore grade dependent signal populations. The second 

algorithm is based on an established multivariate regression analysis. This method 

consists of the composition of two mathematical procedures of multi-variant data 

analysis. The algorithm includes the structure-covering method of principal component 

analysis for the determination of relevant factors and the method of principle 

component regression (PCR) for the calculation of regressions of independent 

variables. 

For the input of the data into the online model, the raw signals recorded during the 

measurement were filtered in a first step. The filtered signals were evaluated in time 

intervals of 0.2 seconds. From the filtered signals 528 signal characteristics per time 

interval were extracted. The characteristics consist of frequency data and statistical 

values calculated from the signal waveform. With these data a matrix was created. A 

quality matrix was created from the results of the laboratory analyses of the 21 

samples. The correlations between the respective matrices were calculated. Here, a 

correlation function is formed between each parameter of the first matrix and the 

second matrix. The correlation functions thus determined form solution matrix the basis 

of the calibration. 

The solution matrix forms the basis of the system calibration. For the validation of the 

model the samples were tested with the laboratory equipment. The signals of the 15 

samples with different ore grade were processed. The time signal of the samples was 

filtered and a spectral analysis was performed. After the spectral analysis, 528 

properties were calculated from the signal. These are composed of frequency-

dependent intensities, statistical values of the signal and machine parameters. A matrix 

was created from this data as explained above. Using the correlation matrix created in 
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the calibration stage, the online analysis was performed. The results of the online 

analysis were compared with the laboratory results. The results of the comparison of 

the respective methods are shown in Graph 13.2 and Table 13.4. The comparison of 

the results from the laboratory analysis and the online analysis shows a difference of 

0.88 % to 19.77 %. The comparison of the deviation of the results from the laboratory 

and online analysis depending on the ore grade shows the same character as the 

results of the online method on basis of probability. The results of samples with a 

degree of purity of more than 50 % deviate between 0.84 % and 7.21 % from the 

laboratory results. For samples with a purity level of less than 50 %, the difference 

between laboratory and online results is higher. The deviation of these samples is 

between 1.97 % and 19 %.  

The higher deviation of the results for samples with a purity level lower than 50 % 

seems to be characteristic. It occurs in both the online probability-based method and 

the online multivariate data analysis method. This phenomenon can be explained by 

the fact that when the anhydrite content is dominant, the signals resulting from the 

collision of gypsum with the oscillator are superimposed. This effect could especially 

occur with very fine gypsum grains. The signals resulting from the collision of the very 

fine gypsum with the oscillator are detected as noise. 

 
Graph 13.12: Comparison of the laboratory results with the results of the multivariate analysis 

Table 13.4: Comparison of the laboratory results with the results of the multivariate analysis 
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Sample Purity-Laboratory (%) Purity-Online (%) Deviation (Laboratory-Online)(%) 
1 43.83 47.28 -3.44 
2 47.72 51.80 -4.08 
3 57.73 56.44 1.29 
4 45.02 42.73 2.29 
5 37.93 33.16 4.77 
6 34.48 32.50 1.97 
7 33.29 28.56 4.73 
8 30.74 21.77 8.97 
9 23.84 16.75 7.09 
10 76.63 69.42 7.21 
11 72.90 70.42 2.48 
12 65.02 65.85 -0.84 
13 81.92 81.08 0.84 
14 79.09 76.83 2.26 
15 27.55 47.32 -19.77 

Table 13.5 shows the results of the laboratory tests and the results of the online 

methods. Both online methods are basically suitable for the quantitative analysis of 

samples. Although they show deviations in comparison to the laboratory results, the 

deviations are not high, especially for samples with a purity level of more than 50 %. 

This accuracy would be sufficient for online quality control in the mine. The comparison 

of the online methods shows that the results of the online analysis based on the 

probability algorithm differ less from the laboratory results. 

Table 13.5: Comparison of the results of the laboratory analysis with the multivariate analysis and probability 
analysis 

 Purity (%) 

Sample Laboratory Multi Correlation function 
Deviation 

(Laboratory-MCF) 
Probabilty 

Deviation 
(Laboratory-Probability) 

1 43.83 47.28 -3.44 39.60 4.24 
2 47.72 51.80 -4.08 46.82 0.90 
3 57.73 56.44 1.29 53.86 3.87 
4 45.02 42.73 2.29 44.15 0.88 
5 37.93 33.16 4.77 39.06 -1.13 
6 34.48 32.50 1.97 44.32 -9.85 
7 33.29 28.56 4.73 31.36 1.93 
8 30.74 21.77 8.97 36.75 -6.01 
9 23.84 16.75 7.09 12.32 11.52 

10 76.63 69.42 7.21 77.70 -1.07 
11 72.90 70.42 2.48 77.60 -4.70 
12 65.02 65.85 -0.84 64.95 0.07 
13 81.92 81.08 0.84 83.50 -1.58 
14 79.09 76.83 2.26 82.20 -3.11 
15 27.55 47.32 -19.77 38.08 -10.53 

All laboratory tests confirm the hypothesis. By recording the signals generated by the 

collision between grains in a mass flow and an oscillator, it is possible to differentiate 

the materials online, provided that they have a difference in density. Furthermore, it 

was shown that the methods developed on the basis of the hypothesis also allow an 

online determination of the ore grade of a composite of substances if the mixture 
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consists of granules of different densities. The laboratory investigations were carried 

out with the aim to analyse the cuttings produced during drilling online. For this 

purpose, the laboratory device was designed in such a way that the flow of the cuttings 

is approximately simulated. The results of the laboratory tests have shown that the 

accuracy of the online analysis is sufficient for the application in the mine. 

Based on the results of the laboratory investigations, the research was expanded and 

field tests were started. The field test was conducted in several stages. First, the basic 

principle and feasibility were validated. In two further test phases, the entire system 

was gradually optimized and tested. 
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14 Design of the online analyser for the field test 

The design of the online analyser for the field test based on the experience with the 

laboratory device as well as the results of the laboratory tests. The system components 

for recording and processing the signals were chosen similarly to the electronics 

assembled for the laboratory device. In total the test system should have the following 

features: 

 Continuous recording of the drill cuttings 

 Classification of the drill cuttings  

 Transporting the classified cuttings to a nozzle 

 Dispersing the selected fraction during the drilling process 

 Recording the measurement signals  

 Electronic unit for signal processing 

 Easy integration of the device into the drilling rig 

 Low space requirement and compact design 

 Possibility of connection to the power supply of the drilling rig 

The implementation of the concept is basically simplified if the drilling rig itself has a 

classifier. This requirement is fulfilled by many modern drilling rigs, which are used 

especially in open-cast mining. With these drilling rigs, the cuttings are extracted 

directly after discharge to reduce environmental pollution and classified by dust 

collectors. The fine grain fraction of the cuttings is transported to a silo mounted on the 

vehicle. Depending on the type of machine, the coarse grain fraction is either separated 

in a cyclone or remains directly at the drilling site. The integration of the online analyser 

in such a device is relatively simple. Compressed air for dispersing and electricity for 

operating the electrical and electronic components are also supplied by the drilling 

machine. Additionally, an underground mine was selected for the basic validation of 

the developed system. The drilling equipment in this mine did not have all the features 

described above for an optimal test. However, the mine was located close to the 

research facility. Nevertheless, it was possible to test the basic suitability of the 

components there and, if necessary, to optimize them with little time expenditure. The 

machine intended for the test is shown in Figure 14.1. 
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Figure 14.1: The drill selected for the test 

The main disadvantage of this drill is that it did not have a dust collector. Due to the 

construction of the drilling mast, it is not possible to install components in the front part 

of the mast. Therefore, the installation of an exhaust system was not possible there. 

Theoretically, a separate suction pipe could be installed next to the machine to collect 

the cuttings. The distance between the cabin and the front part of the mast was about 

20 m. This variant was out of the question because the power supply of such a device 

cannot be extended. Furthermore, this drill rig had no data recording. Data such as 

drilling speed and bit load are not available for evaluation. 

All in all, the concept in its optimal execution could not be implemented at this location. 

As a result, it was considered to modify the concept under consideration of the existing 

technical conditions in such a way that a first field application is possible. The analysis 

of the mass flow of cuttings during the drilling process shows that, due to the nature of 

the cuttings discharge, the material exits the borehole at high velocity. This process 

corresponds to a kind of dispersing. In this respect, the existing cuttings discharge 

could replace the dispersing system with limitations. In the realization of this modified 

and greatly simplified solution, the front bushing of the drill pipe guide, which is 



86 

attached to the outer end of the mast, was used as an oscillator. The sensor was placed 

behind the guide bush in a protected area. The connection between the sensor and 

the electronic unit is made via a likewise protected cable. The electronic unit was 

mounted in the area of the driver's cab. The solution is shown in Figure 14.2. 

 
Figure 14.2: Position of the sensor in the field 

14.1 Field test 

The field tests were carried out at 5 different locations in the mine. At each location 6 

drift face holes were drilled. The online measurement was performed during the entire 

drilling process. The drill cuttings produced during the drilling process were then 

collected. A representative subset of the drill dust was later examined in the laboratory 

with regard to the ore grade. The recorded signals were then processed. The tests 

were carried out without difficulty. The results were used to optimize the online analyser 

for further tests. In summary, the selected concept for the field test, including the 

measurement technology was confirmed. The test was carried out without interruption 

of the measurement and interruption of the drilling process. The signal acquisition and 

the transmission of the signals into the driver's cab was realized without any problems. 
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The data evaluation demonstrated that the developed signal processing unit and the 

algorithms allow an online determination of the ore grade during the drilling process. A 

first rough evaluation of the results showed that the deviation between the online 

measurement and the chemical analysis was less than 10 % in 90 % of the drillings. 

Only in 10 % of the drillings the deviation was greater than 10 %. This deviation was 

attributed to the type of sampling for laboratory analysis and to the variation of the 

machine parameters during the drilling process. These optimization approaches were 

considered for further field tests. The results are shown in Graph 14.1. 

 
Graph 14.1: Results of the first field application 

14.2 Extended field tests 

In the first stage of the investigation, the basic feasibility of online analysis of the 

cuttings in the mine was demonstrated. The problem with this test series was that the 

drilling machine did not have a separator (classifier), nor did the machines record data 

such as drilling speed and bit load. For the second test stage, a drilling machine with 

these technical features was selected. The drilling machine was a wheeled drilling rig 

that was used in open pit and underground mining. Furthermore, the drill rig was 

equipped with a dust collector. The drill cuttings were then collected at the borehole by 

means of negative pressure. The cuttings ware later transported via a pipe to the dust 

collector. There the cuttings were collected and the air, which transports the cuttings 
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as a mass flow, was cleaned. At the end of the drilling process, the dust collector 

automatically opened. The drill cuttings discharged behind the drill rig and would fall to 

the ground. More than 90 % of the cuttings entered the dust collector. Only a small 

amount of the cuttings with a large grain remained on the surface at the drill hole. This 

resulted in a classification of the cuttings. The mass flow of the cuttings into the dust 

collector was similar to the mass flow of a Venturi nozzle. The basic requirements for 

the installation of the online analyser were automatically included in the drilling rig. The 

drilling rig with the dust collection system is shown in Figure 14.3. 

 
Figure 14.3: Drilling rig with the dust collection system 

The prerequisite for the integration of the online analyser into the drilling rig were given. 

The oscillator was mounted along the mass flow in the dust collector and the sensor 

mounted behind the oscillator. The installation of the oscillator with integrated sensor 

at the dust collector opposite the pipeline where the cuttings enter the dust collector 

creates the same technical condition as the designed laboratory analyser. Due to the 

negative pressure, the cuttings were accelerated and arrive at the exit point as a jet. 

The mass flow hit the oscillator in the dust collector, where the direction of the mass 

flow coincided with the piezoelectric axis of the sensor. The vibrations caused by the 

collision of the cuttings and the oscillator were transmitted relatively directly and over 

a short distance to the sensor. The sensor recorded the pulses and the acquired data 
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was sent to the signal processing unit and further processed with the help of the 

previously mentioned algorithms. The electronics for signal conversion and signal 

processing were located in the driver's cab and the electronic unit and the oscillator 

were connected with a cable. Figure 14.4 shows the dust collector and the position of 

the oscillator. 

 
Figure 14.4: Oscillator in the dust collector 

During drilling operations, the drilling unit automatically recorded the drilling depth and 

drilling speed as well as the bit load and the speed of the bit. The electronic unit of the 

online analyser as well as the algorithm were designed with the integration of the data 

of the machine into the software in mind. The machine data acquisition was performed 

every couple of seconds. After signal processing this data was used in combination 

with the data from the online analyser for material quality determination. Graph 14.2 

shows the recoded machine data during drilling. 



90 

 
Graph 14.2: Machine data recorded during drilling 

For the field test, the oscillator and electronics unit were mounted on the drill rig. The 

developed software for data evaluation, system calibration and data analysis were also 

installed on a mini computer integrated in the electronics box. An essential part of the 

software development process was the online acquisition of the machine data. Here 

the drilling speed, bit load and the speed of the bit during the drilling process, and the 

acoustic signals were acquired. The data was stored as a basis for later normalization 

of the signals and final evaluation. After the first test, in which the concept and 

feasibility of the online analyser was validated, the field test began. For this purpose, 

the drilling rig was driven onto a gypsum deposit. After the overburden was pushed off, 

8 boreholes with a borehole depth of 4 m each were drilled there. At each of the 8 

boreholes the drilling rig was stopped after a defined depth, the dust collector was 

opened and the cuttings collected in the dust collector were removed. The removed 

cuttings were homogenized and a part of them was taken for laboratory tests. The 

samples were packed in airtight containers. Part of each sample was retained for 

possible checks. A total of 24 samples were taken during this field test. These samples 

represented the average quality of the deposit in the drill intercept from which the 

samples were taken. Throughout the test phase, the sensor signals and machine data 

were recorded. Table 14.1 shows the drilling depths and purity line of samples. 
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Table 14.1: Description of the samples with drilling depth and purity 

Borehole Sample From (m) To (m) Purity (%) 

1 
1 0.21 2.21 90.98 
2 2.27 3.15 46.02 

2 3 0.22 3.81 84.10 

3 
4 0.22 1.98 78.51 
5 2.07 3.87 84.96 

4 
6 0.21 1.99 78.32 
7 2.06 2.98 95.67 
8 3.06 3.83 84.77 

5 

9 0.22 0.99 80.57 
10 1.08 2.00 79.99 
11 2.05 2.98 96.19 
12 3.06 3.73 88.50 

6 

13 0.21 0.98 68.48 
14 1.06 2.00 95.71 
15 2.07 2.98 95.95 
16 3.06 3.86 59.11 

7 

17 0.23 1.09 79.18 
18 1.16 1.98 78.61 
19 2.08 3.01 93.52 
20 3.08 3.55 81.86 

8 

21 0.22 1.02 82.00 
22 1.09 1.99 83.34 
23 2.08 2.97 94.85 
24 3.07 3.91 72.59 

14.3 Evaluation of the field test data 

To optimize the interpretation of the signal intensities, the samples were examined for 

their particle size distribution in addition to the chemical analysis. In Graph 14.3 the 

results of the Particle size analysis for three samples are exemplarily shown. 

 
Graph 14.3: Particle size analysis of the samples 
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The samples showed a similar particle size distribution. The relatively equal grain 

spectrum of the samples showed that the dust collector of the drilling rig works almost 

constantly. About 50 % of the drill cuttings had a grain size smaller than 200 µm. 75 % 

to 80 % of the cuttings were smaller than 2000 µm. About 90 % of the cuttings were 

smaller than 3000 µm. For the signal evaluation it was important that only about 2 % 

of the cuttings were larger than 5000 µm. These particles generated high signal 

intensities. They were generated randomly and had no particular influence on the 

evaluation. In signal processing, these signal groups can be recognized as outliers and 

filtered out. 

During the test the machine data was recorded every second and filtered for data 

analysis. This included the speed of the bit, the drilling speed and the bit load. Here, 

only data recorded during the drilling process was used. The results of the analysis 

were shown as an example for a drilling in Graph 14.2. The speed of the bit was 

approximately constant during the drilling process. The drilling speed varied 

considerably, fluctuating within the limits of 105 cm/min and 225 cm/min. The bit load 

was anti-proportional to the drilling speed and fluctuated between 75 bar and 107 bar. 

The correlation between bit load and drill speed is shown in Graph 14.4. The change 

in bit load and drill speed is an indicator for a change in the axial compression strength 

in the deposit. 

 
Graph 14.4: Correlation between bit load and drill speed 
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The laboratory tests have shown that the concentration of the grains in a mass flow 

has a significant influence on the signal intensity. This effect must be considered in the 

signal analysis. The change of the mass concentration during the drilling process can 

be described as follows: The borehole diameter remains constant during the entire 

drilling process. Thus, the volume of the rock, which is drilled through in a unit of time, 

is significantly dependent on the drilling speed. The cuttings are the result of the cutting 

process and are transported out of the borehole with compressed air. The volume of 

compressed air always remains constant. Thus, the concentration changes depending 

on the drilling speed. In this respect, a normalization of the intensity via the drilling 

speed is necessary for the signal processing. Graph 14.5 shows the normalized RMS 

values for all drillings in a time frequency of 0.2 seconds. 

Some very strong intensities were filtered out of the standardized values. Such signals 

are either caused by a collision of a coarse grain that randomly hits the oscillator, or 

are generated by the dynamics of the machine. The adjusted intensities are between 

zero and 0.5. In Graph 14.6 the correlation between the degree of purity of the samples 

and the normalized RMS values is shown. The general correlation between sample 

quality and signal properties is shown. However, there is no linear dependency 

between the values as shown in the laboratory test. A very strong linearity was found 

in the laboratory test. This linearity probably does not occur in the field test because 

composite samples are present.  

The samples were always taken after 0.5 m to 3 m drilling because of the nature of the 

drilling process. The drill cuttings from this drilling section were collected in the dust 

collector. This sample was then taken and chemically analysed. It cannot be expected 

that the average intensities of a drill section correlate linearly with the average quality 

of the borehole section. 
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Graph 14.5: Normalized RMS of the signal for all samples in a time frequency of 0.2 seconds 

 
Graph 14.6: Relationship between the degree of purity and the standardized RMS signal values 
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The group of signal properties includes the signal intensity for certain frequencies and 

the RMS value for the entire filtered spectrum. This data was analysed with the PCR 

method and the correlation matrix for the calibration was calculated. Graph 14.7 shows 

the course of the signal intensity during the drilling process for the same hole as 

described above. 

 
Graph 14.7: Machine data for hole 2 with RMS values 
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Graph 14.8: Distribution of normalized signal intensities for all samples 

For the calculation of the calibration function, the samples were divided into 6 quality 
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more than 90 %. For these groups the distributions were determined from the 

normalized signals and probability plots were prepared. In Graph 14.9 the probability 

plots of the intensities of the respective groups are shown. Similar to the signal 

evaluation of the samples during the laboratory test, the probability was calculated with 

a cut off of 30 %. Graph 14.10 shows the probability for more than 30 %. The curves 

of the probability distributions were then smoothed and displayed in another diagram 

as a calibration function. The calibration function is shown in Graph 14.11. 
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Graph 14.9: Probability Plot by quality groups 

 
Graph 14.10: Probability Plot for sample groups at a cut-off of 30 % probability 
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Graph 14.11: Interpolation graphs for Probability Plot at a cut-off of 30 % probability 

14.4 Validation of the field test calibration algorithms 

For the validation of the respective algorithms, 15 additional samples were used. The 

samples were first chemically analysed and the ore grade determined. The degree of 

purity of the samples was between 73.9 % and 88.52 %. The degree of purity of the 

samples is shown in Table 14.2. The signals of the samples were then normalized and 

processed as described above. In the first stage, the generated algorithm based on 

multivariate data analysis was used for the online analysis. The results of the validation 

are shown in Graph 14.12. The results of the online analysis are generally consistent 

with the chemical analysis. The differences between the results of the chemical 

analysis and the online analysis are between 2.19 % and 8.29 %, as can be seen in 

Table 14.3. Considering that, as mentioned above, these are composite samples from 

drill cuttings, the results are satisfactory and this accuracy is sufficient for online quality 

control in the mine. 
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Table 14.2: Purity of 15 validation samples 

Sample Purity-Laboratory (%) 
1 70.85 
2 88.52 
3 76.63 
4 72.50 
5 73.20 
6 74.50 
7 82.60 
8 82.66 
9 77.53 
10 81,78 
11 69.50 
12 82.39 
13 88.10 
14 63.79 
15 80.59 

 

 
Graph 14.12: Comparison of the chemical analyses with the results of the multivariate method 
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Table 14.3: Comparison of the chemical analyses with the results of the multivariate method 

Sample Purity-Laboratory (%) Purity-Online (%) Deviation (Laboratory-Online) (%) 
1 70.85 75.00 -4.15 
2 88.52 85.88 2.64 
3 76.63 78.88 -2.25 
4 72,50 76.01 -3.51 
5 73.20 70.76 2.44 
6 74.50 71.92 258 
7 82.60 88.95 -6.35 
8 82.66 84.98 -2.32 
9 77.53 79.72 -2.19 
10 81.78 86.92 -5.14 
11 69.50 65.64 3.86 
12 82.39 89.32 -6.93 
13 88.10 79.81 8.29 
14 63.79 60.90 2.89 
15 80.59 86.46 -5.87 

In the second stage, the validation of the algorithm according to statistical probability 

was carried out. First, the probability plots of the measured signals of the 15 samples 

were created. Then the intensities of the respective samples were calculated at a 

probability of 90 %. These values were inserted into the previously created probability 

calibration curves and the degree of purity was determined. The result of the validation 

is shown in Graph 14.13 and Graph 14.14. The results show the fluctuations in the 

sample qualities very well. The deviation between the chemical analysis and the online 

analysis is between 1.42 % and 10.53 %. However, the absolute deviation is relatively 

high at 10 %. Nevertheless, the accuracy of the analysis for quality management in the 

mine is within the tolerable range, see Graph 14.15 and Table 14.4. 
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Graph 14.13: Probability Plot at a cut-off of 30 % probability 

 
Graph 14.14: Intensity of the signals of the samples at a probability of 90 % entered in the calibration curves 
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Graph 14.15: Comparison of the chemical analyses with the results of the probability method 

Table 14.4: Comparison of the chemical analyses with the results of the probability method 

Sample Purity-Laboratory (%) Purity-Online (%) Deviation (Laboratory-Online) (%) 
1 70.85 60.32 10.53 
2 88.52 94.20 -5.68 
3 76.63 73.77 2.86 
4 72.50 62.76 9.74 
5 73.20 71.62 1.58 
6 74.50 71.28 3.22 
7 82.60 80.34 2.26 
8 82.66 81.05 1.61 
9 77.53 70.91 6.62 
10 81.78 91.71 -9.93 
11 69.50 62.97 6.53 
12 82.39 84.76 -2.37 
13 88.10 79.78 8.32 
14 63.79 59.33 4.46 
15 80.59 82.01 -1.42 

14.5 Summary of the field test 

The field tests have shown that the developed online analyser is suitable for use in the 

mine. The analyser can be easily attached to a drilling machine. The idea to use the 

flow of the cuttings in a dust collector for the collision of the cuttings with the oscillator 

has been confirmed. The flow is very similar to the discharge from a Venturi nozzle. 
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The cuttings flow with high velocity into the dust collector and collide with the oscillator. 

The position of the oscillator results in the generation of sufficiently intensive signals. 

The integration of the electronic unit into the machine was possible without any 

problems. For the accuracy of the analysis it is important to use the machine data. The 

combination of the signals from the collision of the cuttings with the oscillator and 

machine data is useful. For the calibration of the online analyser both the method of 

statistical probability and the method of multivariate data analysis can be used. The 

validation results have shown that both algorithms are suitable for online analysis. The 

accuracy of the algorithm based on multivariate data analysis is higher. The 

comparison of the results is shown in Table 14.5. It is possible to increase the accuracy 

of the analyser. For this purpose, the calibration data should be extended. Overall, the 

results of the field test confirm the scientific research hypothesis. 

Table 14.5: Comparison of the results of the chemical analysis and online methods 

 Purity (%) 

Sample Laboratory Multi Correlation function 
Deviation 

(Laboratory-MCF) 
Probability 

Deviation 
(Laboratory-Probability) 

1 70.85 75.00 -4.15 60.32 10.53 
2 88.52 85.88 2.64 94.20 -5.68 
3 76.63 78.88 -2.25 73.77 2.86 
4 72.50 76.01 -3.51 62.76 9.74 
5 73.20 70.76 2.44 71.62 1.58 
6 74.50 71.92 2.58 71.28 3.22 
7 82.60 88.95 -6.35 80.34 2.26 
8 82.66 84.98 -2.32 81.05 1.61 
9 77.53 79.72 -2.19 70.91 6.62 

10 81.78 86.92 -5.14 91.71 -9.93 
11 69.50 65.64 3.86 62.97 6.53 
12 82.39 89.20 -6.93 84.76 -2.37 
13 88.10 79.81 8.29 79.78 8.32 
14 63.79 60.90 2.89 59.33 4.46 
15 80.59 86.46 -5.87 82.01 -1.42 
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15 Summary and outlook 

One of the most important tasks of mining and processing is the control of ore grade. 

The most efficient use of deposits and maximizing economic profit depends on the 

effectiveness of ore recovery. This can be achieved by reducing ore dilution and 

achieving sustainable ore grade control. The determination of the ore grade starts with 

the exploration of a deposit and continues throughout the life of the mine. While the 

determination of the ore content in the exploration phase is the basis for the calculation 

and classification of resources, the ore grade control in the mining phase is carried out 

continuously to validate the predicted ore content and to control the entire process 

chain from the extraction of raw materials to the processing and production of the final 

product. In the mining phase, samples are taken from the mine face, from cuttings from 

blast holes, from the muckpile, from the stockpiles and during the processing, crushing, 

sorting, classifying and so on. All these measures are aimed at increasing ore recovery, 

optimising the treatment processes and thus reducing costs. Manual sampling and 

analysis is time consuming and costly. For this reason, online analysers are sometimes 

used in mining, which are usually designed according to the radiation measurement 

principle. The main disadvantage of these analysers is their sensitivity to dust, 

vibrations and atmospheric influences such as temperature and humidity. Furthermore, 

the application of these technologies is limited due to radiation. The development of 

an online analyser without these disadvantages is one of the most important tasks in 

mining and processing. Ideally, an online analyser to be developed for use in mining 

should be used at the beginning of the process chain. In this case the information about 

ore grade is available relatively early. In this way the processes could be controlled in 

time. The development of such an online analyser is the subject of this thesis. Based 

on the state of the art a hypothesis for the development was made. The hypothesis 

assumes that in a mass flow of grains the ore grade can be determined by passive 

acoustic measurement, provided that the ore and waste have different densities. The 

objective of the development was to implement such an analyser in the drill rig to 

measure the ore grade of the cuttings. 

Online analysis of the drill cuttings would provide tremendous support for exploration 

and ore grade control. In open pit mining, on average one blast hole is drilled per five 

hundred tonnes of ore. In open pit mines, more than ten thousand drill holes are drilled 

annually.  
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The hypothesis was tested in several successive stages. First, the basis of the acoustic 

measurement was explained.  

To determine the necessary requirements for the online analyser, the influences of the 

material and the mass flow on the passive acoustics were determined on a theoretical 

basis. In addition, the necessary configuration of the electronics for signal acquisition, 

signal processing and methods of data classification was determined. Based on this 

information, an online analyser was designed for laboratory use. The online analyser 

is designed to simulate the flow conditions of the cuttings in the borehole. The sample 

to be analysed is sucked from a container through a venturi nozzle and mixed and 

accelerated with the compressed air. The accelerated air-solid mixture hits the 

oscillator. A sensor is mounted in the oscillator. As a result of the collision of the sample 

with the oscillator, vibrations are generated which are recorded by the sensor and sent 

to the electronic unit for signal processing. The signals are evaluated by software after 

processing. After a preliminary calibration, the processed signals are converted into 

ore grade with the software. Two different algorithms were developed for the 

evaluation. One algorithm is based on the statistical probability calculation, the second 

algorithm was developed according to the principle of multivariate data analysis. 

 The individual components of the analyser were selected and dimensioned on the 

basis of theoretical investigations. The laboratory tests were carried out with gypsum, 

anhydrite and dolomite and mixtures of these minerals. After the basic verification of 

the hypothesis, the previously theoretically worked out influences of the grain size, the 

grain size distribution, the velocity and concentration of the mass flow as well as the 

moisture were determined in several tests. These test series confirms the hypothesis. 

An online determination of gypsum and anhydrite or dolomite is possible provided that 

the particle size of the gypsum particles does not exceed 18 % of the particle size of 

the anhydrite or dolomite. This detection limit results from the difference in density 

between the respective materials of about 0.52 kg/cm³. The greater the difference in 

density of the materials, the more the grain size of the materials can differ. In the 

second stage of the research, investigations were carried out to determine ore grade. 

For this purpose, samples of gypsum and anhydrite of different purity were prepared 

in the laboratory. The investigations show that, depending on the algorithm used, the 

results of the online analysis and chemical analysis of the samples vary between 

0.07 % and 11.52 % and 0.84 % and 19.77 % respectively. In 87 % of the analyses 



106 

the deviations between online analysis and laboratory are less than 8 %. In 73 % of 

the cases the deviation is even less than 5 %. 

Based on the experience with the laboratory online analyser and the results of the test 

series, an online analyser for field tests was designed. The analyser was installed in 

the dust collector. The drill cuttings produced during drilling hit the oscillator at high 

speed. A sensor, which is integrated in the oscillator, records the oscillations that occur 

because of the collision. The signal processing takes place in the electronic unit, which 

is integrated in the driver's cab. The processed signals are transmitted wirelessly to a 

computer. With the developed software the ore grade is calculated. Compared to 

algorithms developed for the laboratory unit, the algorithms for analysis in the field 

consist of an extended model in which the machine data are recorded every second. 

The machine data includes drilling speed, drilling force and bit rotation speed. This 

data is used to normalize the sensor signals.  

In a first phase the online analyser was tested in an underground gypsum mine for its 

mechanics and electronics. Afterwards the Online Analyser was integrated into a 

drilling rig to produce blast holes in a gypsum open pit mine. The field tests were carried 

out in two stages. In a first series of tests 8 boreholes were drilled. From the drillings 

24 samples were taken. These samples were chemically analysed in the laboratory 

and used as a basis for the calibration of the online analyser. After the calibration of 

the analyser, 15 further drillings were carried out in a second stage. The drill cuttings 

were analysed online, and the ore grade of the gypsum was determined. For validation, 

samples were taken from the dust collector and analysed in the laboratory. The online 

analysis was again carried out with both algorithms. The comparison of the results 

shows that the online results based on the multivariate data analysis differ between 

2.25 % and 8.99 % from the laboratory analysis. 66 % of the results deviate less than 

5 %. The results of the online analysis based on statistical probability differ between 

1.42 % and 10.53 % from the laboratory results. In this case, the results of 53 % of the 

analysis deviate less than 5 % from the laboratory results. 

These deviations are not absolute values, but relative values. There are many reasons 

for this. In laboratory analysis, only a few grams of sample are analysed. The samples 

come from the dust collector. An absolute homogenisation of the whole cuttings before 

sampling is not possible. It cannot be excluded that the cuttings from a drill hole in the 

dust collector are contaminated with the remains of cuttings from previous drill holes 
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still in the dust collector. Considering the fact that the online analyser analyses the 

entire cuttings and that contamination with other substances can be excluded due to 

the analysis method, the results of the online analysis are good, and the determined 

deviation is tolerable. Currently one drilling rig is equipped with the developed online 

analyser. Data is continuously recorded, and the ore grade is calculated online. In this 

phase the analyser will be tested for its availability. Afterwards the developed analyser 

will be installed in further drilling rigs. In addition, implementations of the online 

analyser are being tested in processing. The combination of the online analyser with 

the drilling rig allows an early detection of the ore grade. Before the ore is blasted and 

processed, information about the ore grade is available. From this information, 

dynamic online deposit modelling can be performed. The control of the ore grade 

enables the optimization of the entire process chain in mining and processing. Because 

the analysis with the developed analyser is based on the density difference of 

materials, the analyser is suitable for ore grade determination in metallic deposits. 

However, when used in polymetallic deposits, the analyser will only calculate the 

percentage of ore without detailed information on the individual components.  
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