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ABSTRACT

In the modern mining indust, sustainable mine operation becomes an inevitable option. Facing
lower ore grde, more complex ore deposit, unstable commodity market, and strict regulations, mining
corporates must find the solution to make their portfolio economically attractive ofOtie biggest
challenges for mine operation is how to improve operational efitgt under the circumstance of high
uncertainties. These higher uncertainties originate from the variabilggabgical material and human
intervention in the decisiemaking process. Advances in technologies allow the mine to operate under
more enviromentally friendly and socially responsible scenarios within a scheme of process optimization
and costreduction. This dissertationinvestigates some innovative technological pplications for
sustainable mining operatiorfsour specific aims are closely ecwtted and integrated into the dissertation
within the boundary of two perspectives: 1) technological applications for economic sustainability based
on Mineto-Mill optimization and 2) environmental application for seenlogical sustainability by

reducng the dust generation at the tailings storage facilities (TSFs).

The first articleUse of drilling performance to improve rebkr e ak age ef yci enci es:
to-mill optimization studies in a hartbck mineexplains a part of the ore characterization stagek
breakage characterizatiom the Mineto-Mill optimization scheme. This study proposadrediction
model of rockbreakage characteristics such as tensilengthreand Bond Work Index (BWI) based on
blastholedrilling performance. The adjusted penetration rate (APR) was introduced to normalize the raw
data from measurement while drilling (MWD). Based on the results of a series of laboratory experiments,
the predction models for rockbreakage efficiecy during crushing and grinding were established. The
result of this study can expand to field application by showing the thematic map of downstream energy

consumption using the APR from blasthole drilling.

The secad articleQuantification of rock masseathering using spectral imagiri¢ustrates a part

of the ore characterization stage in the Miodill optimization scheme in terms of rock mass structural
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characteristics. This study proposes an innovative mettawtowband multispectral (NBMS) imaayg, to

guantify the expected hazard on mine slopes. This study aims to delineate theedeatbaf the rock

mass, which has been considered as an important factor in slope stability and blast fragmentation. Based
on the bandatio approachwith visible and neamnfrared (VNIR) hyperspectraimaging the best
configurations of spectral bands weletermined The quantified weathering level from NBMS imaging

was integratedhto the preexisted rock mass rating systesuch ashe geological strength indg{GSI).

The third articleEstimation of Fines Generation in Blasting Using Dynamic rock properties and
NearField PPV Damage Modelddresseasimple quantification of fines generation in blast fragmentation.
This sudy proposes an approach to evaluate size of blast fragmentation based on strain wave
propagation theory and dynamic rock properties. The Elzest fragmentatiowas assumed tmeestimatel
from the crushed zone model (CZM) where the rock is fajeedoessive compressive stress. Theiva
of fines generation undénefour differentscenariody rock and explosive typegre calculated based on
the Split Hopkinson Pressure Bar (SHPB) experiment and the propose&idldaPPV model. This case
studyindicated that the dynamic PPV modahcprovide a rough estimate of fines generation for given
dynamic rock properties and blast design parametées fine prediction using the PPV model would be

practical in that it uses PPV, the most common meastine atining site.

The fourth articleTailings Storage Facilities (TSFs) Dust Control Using Biocompatible Polymers
describes technological innovation that contributes to sustainability in the environmental sector. This study
examined the effectiveness ofobompatible polymers as a dust suppegd on various sources in
upstreantype TSF of an opepit copper mineFroma laboratory wind tunnel to fieldcale blowing test,
three different scales of experiment observed that the amount of dust generatiappliiegy the polymer
has been signifemtly reducedThe results found that the biocompatible polymer reduces up to 90% of dust

generation andeduces the volume of desiccation cracks significantly
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INTRODUCTION

Sustainable development and operatioth@amining industnhas beena major oncern for a wide
range of stakeholder groupwingto its huge impact on environmental and sagonomic entities. There
have been many effortsr sustainable mining operatigrsuch as corporate social respongipdnd social
licensing, and industrial development setegulation policies such as the Sustainable Development
Frameworl{1]. Given the nosrenewable nature of mineral resources and the importanceesfue in the
private or public sectorefficient use of resources for industrial sustainability and development reanains
key issue The 27 guidelines for the sustainable developnmemtining context was addressedfat 1992
Earth Summit in Rio de Jameithatwas represented by 172 goverents and 2,400 negovernment
organizations. These guidelines are divided into three main catedgriscial development with safety
at the workplace and community development, 2) ecological protection of natuwsalirees and
environment, and 3oopeation and integration of technical and economic activities required for economic
growth [2]. These guidelines have implicitgriven mining companiesowards investingn technology
developmen Advances in technological innovatican help to sustain production activities under harsher
conditions andmore restrictive regulations. The technology innovations for sustainable mine operation
involve 1) the implementation dd safe and efficient mim planning strategy and 2) the introtlan of
cleaner technologies and sound environmantalagemeribols[3]. The four suktopics included in this

dissertation describe the sustdileaoperation of the mine from the tworementioned perspectives.

1. Sustainable Mine Operation through Safe and Efficient Mine Planning Technology

The need for improving the mining planning strategy stems from the high level of uncertainty caused
by geological naterialsand human factor€seological materialsuch agock masgenerally exhibit high
uncertaintydue tothe complex processe$theirformation andnteraction with the external biosphere and
atmosphereThe geological condition can panilarly be more variable throughout thene-site where

various alteration zones are generated by hydrothermal fluid and magmatic rgdctian this reasont
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has beeextremely difficultto exactly predict the mechanical ore characteristicctrasignificantly affect

the mining eficiency.Unlike manufacturing and agriculture where automation is a key part of the process,
the human factor is an inevitable part of minifige human factor can be defined as any kind of interaction
between peopland the elements of a mining systemrsping human welbeing, safety, and optimized
system performandé]. It is therefore clear that human ercould pose a significathreat to system safety

and securityn the mining industry. In a complex mining system, many safdated events are linked to

the uncertainty and nature of human behasdr Furthermore, the decisiemaking process by humans

can alway$ebiased and subjective due to diverse cultural and educational backgrounds. The human factor
and biased decisieamaking can be decreased in higher automated system, l¢adimgroved system
efficiency, health, and safetp]. A standardized automated system may ensure the quality of work
performance and reliability without highly experienced employees who can be troublesome to hire from

local communities.

1.1.Mine-to-Mill Optimization

Mine-to-Mill optimization can ke aone ofmanypuzzle piecefor contributing to mine automation
with regards to blast fragmentation control and process optimiz&inoe nining operations consist of
several interconnected pra@ses in which each stage of performance affects subgepummesses
optimizing each stage separately cannot achieve the optimizatioaesftire performancg’]. The Mine
to-Mill is a conceptual system strucéuthat incorporates upstream and downstream processgg)atbto
maximize revenue by providing optimal "recipes" of blast design irtireal[8]. This can be achieved by
releasing the bottlactk of the process by controlling blast fragmentation that is considered as the most
costeffective and energgfficient rock breakage procefg]. The Mineto-Mill optimization has been
extensively applied in fiel scale and increased productivity by up to 2(8610]. The comprehensive
strategy for Mingo-Mill optimization involves ealtime data acquisition, characterization, modeling, an

optimization as shown in Figure 1.
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Figure 1. Schematic diagram of Mirte-Mill optimization system.

With the development of sensor hardware systems and computational capacitynaedata
acquisition and biglata analsis become a standard technological trend in the mining industry. As shown
in Figure 1, the sensor networks in the MinaMlill systemmeticulously collect the data at each stage and
save them in a data warehouse. As data flooded, it has become remiankalbisint to quantify and index
the collected data to make appropriate decisiaking processe8re characterization is an importatep

in quantifying numerous data records as design considerations.

For complete Mindo-Mill optimization, adequate aé&sionmaking process for the ore
characterization should be established in advaDoe.characterizatiogtagerepresentsneasurementfo
mechanical properties of surrounding geologies that can be defined as rock strength and rocl{ 8tructure
Rock strength is a measureleémaximum resistance of intact rock against the external stress. Ex&lini
compressive strength (UCS) and tensile strength are the most representative measure for the rock strength.
Rock stength also involves roekreakage characteristics such as blastability and grindatdRibgk
structure is a measure of geometrical gedchemical properties of rock mass discontinuities. The rock

structure has been measured bgitn mapping and quafitd by various rock mass rating systesuich
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as GSI (Geological Strength Index) and RMR (Rock mass rafiing) rock structure influees the size

distribution of blast fragmentatidi].

1.2. OreCharacterization i Rock Strength

By considering the needs of agile measurement for gimaldynamic systenthe development of
accurate and prompt-situ ore characterization woubé essential. A performance of blasthole drilling can
provide a viable means of-Bitu ore characteriz@n for rock strength. The use of blasthole drilling data
can be advantageobgcause 1) the sampling frequency is sufficiently high to eliminate the uncertainties
for extracting the representative geological features and 2) the datsitémo from drils doesnot require
high capital investmerjt1]. In themining industry, monitoringvhile drilling (MWD) is standard practice
for obtaining penetration rate, rotational speed, flushing pressure, andas@&drillhole positioning data
[12]. Currenly, hardware for data acquisition is commercially ready in most of the piperines, buthe
data interpretations still below the statistical significanceThe topic for proper and accurate data
interpretation of drilling performander predicting orecharacteristics, especially rock strength and +ock

breakage characterizatias,nvestigated in this dissertation (Appendix A).

1.3. OreCharacterizationi RockStructure

Onecrucial aspect for mine automationtheMine-to-Mill frameworkis quantifyingand controlling
the expected hazards, which damsignificantfor the protection of workers and equipmeiwith the
development of computer vision and remote monitoring systeaituimock structure monitoring becomes
available withoutaccessing the dangerous high wall. A characterization of rock structure using remote
sensing technologies such as LiDA&anningand spectral imagindgs now viable anénavailable option.
The use o&hyperspectral camera with hundreds of spectral dlarmas been extensively used to geplog
survey since it can provide a detailed classification of spectral feafl®sHowever, since the
multispectral cameggypically use less than ten spectral chanrtaksy have the advantage of simple data

interpretation and lighiveighted image sensaompared to the hyperspectral camebale to this high
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portability, the multispectral camera has been considered as an economwiabley option in field
application using unmanned aerial vehicles (UAYE}]. Recently developed with advanced optics
technology narrowband mltispectral (NBMS) imaging leverages the advantages of both technologies for
feature classificatiofil5]. It uses bandpass filters with a narrow bandwidth @prately 10 nm) to
provide more delicate spectral information in riie and thereby improsgeclassification ability and
efficiency[14]. Thespectral images can mimic visual recognitiorabyiman, along with improved spectral
range and resolution, and effectivelyideate the degree of weathering that reduces the rock strength and
accelerates rock mass disintegrafib®]. The topic for quantifying rock weathering using spectral imaging

as a part of ore characterization is described in Appendix B.

1.4. Blast Optimization

Blasting is thefirst stage of rockbreakage in the mining operatiofhe sizedistribution of blast
fragmentation igoreto both productivity and comminution efficiency in the framework of MiodVill
[17,18]. The purpose of the blasting is to puoea size distributiorof fragmentatiorthat isappropriatdor
downstream processes such as Jaadhaul, crushing, and grindingdn undesirable size of blast
fragmentation may cause process delays and lower operational efficiency. For example ebxcessse
fragmentatio may require secondary blasting thigta costy and timeconsuming job and may cause
potential damages to mine equipment. The excessively fine fragmentation-inotliardines may generate
a sticky, claylike material that is pron® attach to the watif atumbling mill, lowering its efficiency, and

also generatg aslime thatresults inlower efficiency in the flotation and leaching procgs3j.

Accurate and reliable monitoring and prediction of blast fragmentation have been considered a long
cherished desire for blasting engineers. Integrated withnblogical advance® ioptics and imaging
algorithms, measurement of blast fragmentation has been improved for decades, from sieving analysis to
artificial intelligence (Al). An imagéased fragmentation analysis becomes the most common method by

offering indirect and realime size distributionlespite a certain level of erf@0]. However, is application
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for detecting finer fragmentation can be limited due to occlusion detection, segregation jaibland

lack of sufficient resolution for fines delineatif20]. The preliction mocels of blast fragmentation teke

the blast design parameters into consideration for size distribution-of-mme (ROM)[22i 24]. However,

these models mostly rely on the empirical approach to determine model parameters and also have a
limitations in predicting fines generatig@5]. The crushed zone model (CZM) modified the Kem

model but focuses the controllable fines generation that is assumed to be generateccwiitipiressively

failed crushed zonf 8,26] In addition, the previous prediction models have failed to describe the rock
strength under dynamic loadimgth extremely hidn strain rates, such as blasting, where the rock strength
and fracturing characteristics show totally different phasth the static loadingl'he innovative prediction

model for fines in blast fragmentation is described in Appendix C.

2. Sustainable Mine Operationthrough Environmentally Friendly Technology

Technological advancement also supppréeserving thenvironment. For sustainable operation, the
mining corporate should consider possible environmental impacts and also aesporadibility tosecure
and improve the life quality of nearby commigst In terms of the mining operations, two issues have
been considered as detrimental and worldwide environmental footprints: mine tailings and acid mine

drainagdq27].

Particularly, tailings are a voluminous residue of fine rpekicles after &traction of minerals,
containing toxic elements and chemicals that can be introduced to the nearby envirénmaifihgs
Storage Facilit (TSF) is a massive but primitive eaffithed structure for tailings disposal that can be
suscepble to erosionunder extreme weather conditions. For communities located in arid andasimi
areas, where dust storms are frequent, the transport of TSF dust can be particularly more dg2&ferious
owing to its higher erodibility and finer mean particle size, which facilitates travel up to hundreds of

kilometers.Although many efforts have been applied to mitigatedist generatiorirom TSFs such as
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spraying water, physical covering, vegetation, pstabilization, and chemical agents, many of the
currentlyemployed approaches pasgvironmental concerns are noteconomically feasiblg9]. Various
synthetic and natural polymers have been investigated as envireftimedly and coseffective options

since chemicals can have the strongest preventive effect on the generation of tailingl80just
Biocompatible polymers lie somewhere between biopolymer and synthetic polymer, having advantages in
massproduction and erronmentally friendy perspectives. The topic fagvaluating the efficacy of

biocompatible polymers on dust generation at TSFs is illustrated in Appendix D.

3. Summaryof the Dissertation

The dissertation consists of two main perspestil) technologial applications for economic
sustainability based on Mirte-Mill optimization and 2) environmental application for socioecological
sustainability by reducing the dust generation at the TSFs. Four articles are connected and integrated in

the dissertatio within the boundary ahetwo perspectives as listed in Table 1.

Tablel. List of appendices integrated in the dissertation.

Order Year | Author | Publisher Title
International Joural of Use of drilling performance to improve
Appendix 1. Park . . rockbr eakage efycier
2019 . : Mining Science and . ; L9 o
A K. Kim mine-to-mill optimization studies in a
Technology .
hardrock mine
: The Journal of Southern e .
1
Appendix| 519 | 3. Park | african institeot | Quantfication of rock mas weathering
' Mining andMetallurgy 9sp 9ing
. - Estimation of Fines Generation in
1
Appce:zndlx 2020 ‘|J< T(?rrrt( Eﬂ;nllggr;étli\(/ljﬁtallurgy & Blasting UsingDynamic rock properties
' P and NeaiField PPV Damage Model
1J. Park
Appendix 2019 "K. Kim | Mining, Metallurgy & Tailings Storage Facilities (TSFs) Dust
D T.Lee | Exploration Control Using Biocompatible Polymers
M. Kim
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Appendix D

Dust generation
and prevention

Ore characterization
— Rock structure

Imaging Sensor

Figure 2. Scope of the dissertation and location of four topics.

There a@e three research topics under thrstfperspective. Theses research topics focuses on the
specific stage within the flow of Minto-Mill as shown in Figure 2T he articl e i n Append
drilling performance to improve rodkr e a k a g e e pajt of mieatoenill epsimization stalies in
a hardrock mine[31]0 provides aaseline of the rock characterization based on blasthole drilling as an
initial part d the Mineto-Mill. The article in Appendi x B AQuantifi
spectral imaging32]0 e x pands tfidateon scape th rodk dnase that can be critical for rock
fragmentation ash mine slope stabilitywhich is also essentiabpt of the Mineto-Mill system. The article
in Appendi x C AEstimation of Fines GendNeaReidon i n |
PPV Damage ModgB3]0 proposes the new predicti osmfragmendsel t o

by blastingbased on the principle of dynamic fracturing and experimental analysis.

There is one related article for the setqerspective. Thar t i cl e i n Appendi x D
Facilities (TSFs) Dust Control Using Biocompatible Polysn84]0 appl i ed -&iendli r on men
biocompatible polymer on tailings beach and dyke area to reduce the dust generation and improve the air

quality in vicinity.
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3.1. Use ofDrilling Performance tolmprove Rock-BreakageEf y c i e n Rart ef 8ine-tcA
Mill Optimization Studies in aHard-Rock Mine

Keywords
A Monitoring While Drilling (MWD),
A Mine-to-Mill Optimization (MTM),
A Rock breakage efficiencgnd

A Drilling penetrdion rates

Objectives

A To investigatethe correlation between drilling performance and foaakage characteristics:
tensile strength as presentative blast fragmenting energy and Bond Work Index (BWI) as
representative comminution energy.

A To normalize themechanical factor of penetration eameasured in field blasthole operation,
proposing adjusd penetration rate (ABR

A Toimplement a series of laboratory experiments to measure tensile strength, BWI, and penetration
rate from labscale coring machine.

A To show the overview of the field apmtion model for predicting rockreakage energy

consunption based on daitpasel blasthole measurement while drilling (MWD)

3.2. Quantification ofRock MassWeathering usingSpectrall maging
Keywords
A Hyperspectralaging,
A Narrowband Multispectral Inzing (NBMS),
A Rock Mass Weatheringnd

A Geological Stregth Index (GSI)
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Objectives
A To propose a quantitative approach for measuring the degree of weathering using a simple, spectra
index classification algorithm, refed to as NBMS imaging.
A To appropriatly preprocess the hyperspectral imaging data to redimensionality ad noise.
A Toinvestigate the best configuration of spectral bands within VNIR (visible andhfesaied range)
hyperspectral camera.
A To integraé the quantification of rock mass weering based on NBMS with wellinown rock

mass ratingystem such as GSI

3.3. Estimation of Fines Generation in Blasting Using Dynamic rock properties and Neiid
PPV Damage Model

Keywords
Nearfield PPV,
Blastfragmentation,

Blast fines,

A

A

A

A Dynamicfragmentation,

A Dynamic Increase Factor (DIF),
A Crushedzone,and

A

Split Hopkinson Pressure Bar (SHPB)

Objectives
A To establish the prediction model for the generation of fines in blast fragmentation based on crushed
zore model (CZM) and dynamic fracturing.
A To determine one of model parameters, the crushed radies, by the HBPB dynamic

compression test and compare the previously suggested model, crushed zone index (CZI).
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A To determine one of model parameters, the cmnwe ratio from single crushed zoteefines, by
the SHPB dynamic fragmentation test.
A To provide an overviewof field application of the fine prediction model by postulating possible

scenario that depends on blast design parameters and rock properties.

3.4. Tailings Storage Facilities (TS$) Dust Control Using Biocompatible Polymers
Keywords
A Tailings storage facility (TSF),
A

Biocompatible polymer,

>\

Dust control,
Tailings beach,

Particulate matter (PMand

> > >

Desiccation crack

Specific Aims
A To investigatehe efficacy of biocompatible polymeas a dust suppressant for an upstrégme
TSF in an opn-pit copper mine.
A To evaluate the effectiveness of the two types of biocompatible polymers by measuring PM 2.5
and PM 10 in laboratory wind tunnel, smsdlale feld test, and largscale field test

A To develop a new spraying system for applying the melyon TSF beaches and analyze the

economic feasibility.



22

REFERENCE

[1]

[2]
[3]

[4]

[5]

[6]

[7]

(8]

[9]

[10]

[11]

[12]

ICMM. Sustainable Development Framework. International Council on Mining andldv2®19.
http://www.icmm.com/owwork/sustainabl@evelopmenframework (accessed December 10,
2019).

Plan of Implementation of the World Summit on Sustainable Develop@wrients. n.d.

Hilson G, Murck B. Sustainable development in the miningustiy: Clarifying the corporate
perspective. Resour Policy 2000;26:228. doi:10.1016/S0364207(00)0004%6.

Bodnar RJ, Beane RE. Temporal and spatial variations in ingfrogl fluid characteristics during
vein filling in preore cover overlying degpburied porphyry coppelype mineralization at Red
Mountain, Arizona. Econ Geol 1980;75:883.

Horberry T, Burges&imerick R, Cooke T, Steiner L. Improving Mining Equipnt Safety Through
HumanCentered Design. Ergon Des Q Hum Factors Appl 2016232
doi:10.1177/1064804616636299.

Rogers WP, Kahraman & MM, Drews FA, Powell K, Haight JM, Wang Y, et al. Automation in the
Mining Industry: Review of Technology, Systemduman Factors, and Political Risk n.d.
doi:10.1007/s4246019-00942.

Dunre RC, Kawatra SK, Young CA. 19. Mitte-Mill Optimization. Society for Mining, Metallurgy,
and Exploration (SME); 2019.

Powell M, Bye A. Beyond mingo-mill: Circuit designfor energy efficient resource utilisation.
Tenth Mill Oper. Conf. 2009, Pro2009, p. 35764.

Diaz R, Mamani H, Valery W, Jankovic A, Valle R, Duffy& Diagnosis of process health, its
treatment and improvement to maximise plant throughput afigiolsl Cerro Corona. SAG 2015
Conf. Proc., Vancouver, BC: 2015.

Isokangas ESonmez B, Wortley M, Valery W. Using SmartTag to track ore in process integration
and optimization projects: Some case studies in a variety of applications. Platin. 202] SAl
Conf., 2012, p. 87182.

Rai P, Schunesson H, Lindqvist®? Kumar U. AnOverview on Measuremefthile-Drilling

Technique and its Scope in Excavation Industry. J Inst Eng Ser D 201586.57

Segui JB, Higgins M. Blast design using measurenvemie drilling parameters. Fragblast



[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

23

2002;6:28799.

Ferrato |-J, Forsythe KV. Comparing hyperspectral and multispectral imagery for land

classification of the Lower Don River, Toronto. J Geogr Geol 2013;5:92.

Qin J, Chao K, Kim MS, Lu R, Burks THyperspectral and multispectral imaging for evaluating
food safety and quality) Food Eng 2013;118:1671.

Surface Optics. Instrumentation | Surface Optics Corp. 2020.

https://surfaceoptics.com/instrumentation/ (accessed March 17, 2020).

Viles HA. Linking weathering and rock slope instability: nlimear perspectives. BarSurf Process
Landforms 2013;38:620.

Eloranta J. The efficiency of blasting versus crushing and grinding. Proc. 23rd Conf. Explos.
Blasting Tech. Las Vegas, NevadabFEe1997, p. 17.

Kanchibotla SS, Valery W, Morrell S. Modelling fines ltast fragmentation and its impact on
crushing and grinding. Explo 99 Conf. rock Break. Australas. Inst. Min. Metall. (AUSIMM),
Kalgoorlie, Aust., 1999, p. 1344.

Wills BA, Finch J. Will®&mineral processing technology: an introduction to the waaspects of
ore treatment and mineral recovery. 7th ed. Amsterdam, Netherlands: Butterdgorémann;
2016.

Maerz NH, Zhou W. Optical digital fragmentation measuggtems-inherent sources of error.
Fragblast 1998;2:4131. doi:10.1080/138558809408786.

Tang P, Puri VM. Methods for minimizing segregation: a review. Part Sci Technol 2004j22:321
37. d0i:10.1080/02726350490501420.

Cunningham CVB. The KuRammodel for prediction of fragmentation from blasting. Proc. first

Int. Symp. rok Fragm. by blasting, Lulea, Sweden: 1983, p.i$39

Holmberg R. Design of tunnel perimeter blasthole patterns to prevent rock damage. Proc. IMM
Tunnelling9 Conf. Londa, 1979, p. B6. doi:10.1016/0148062(80)9076-6.

Larsson B. Report on castudies of blasting with high and low benchideagmentation from
production blasts. Proc. Annu. Meet. Swedish rock blasting Comm., vel4BK974, p. 24i773.

Gheibe S, Aghababaei H, Hoseinie SH, Pourrahimian Y. Modified-Ram fragmentation odel
and its use at the Sungun Copper Mine. Int J Rock Mech Min Sci 2009;483267



[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

24

doi:10.1016/j.ijrmms.2009.05.003.

Esen S, Onederra I, Bilgin HA. Modelling the size of the crushed zone around a blasthole. Int J Rock
Mech Min Sci 2003;40:48%5. doi10.1016/S1368.609(03)0001&.

Carvalho FP. Mining industry and sustainable development: Time for change. Food &eeugy
2017:6:6177. doi:10.1002/fes3.109.

Csavina J, Field J, Taylor MP, Gao S, Landti A, Betterton EA, et al. A review ohé importance
of metals and metalloids in atmospheric dust and aerosol from mining operations. Sci Total Environ
2012;433:8i 73. doi:10.1016/j.scitotenv.2012.06.013.

Hesketh H, Cross F. Fugitive emissions and controls. Ann Arbor, MI: Ann Arbor SciEg®

Parameswaran K, Ekholm J, Zhang L. Evaluation of mine tailings dust control. Geotech. Spec. Publ.,
American Saiety of Civil Engineers (ASCE); 2014, p.180 doi:10.1061/9780784413432.009.

Park J, Kim K. Use of drilling performance to inoge rockbreakage efficiencies: A part of mine
to-mill optimization studies in a hambck mine. Int J Min Sci Technol 2020:179 88.
doi:10.1016/}.ijmst.2019.12.021.

Park J, Kim K. Quantification of rock mass weathering using spectral imagingthld Aoican Inst
Min Metall 2019;119:103™6. doi:10.17159/2411.

Park J, Kim K. Estimation of Fines Generation in Bleg Using Dynamic Rock Properties and a
NearField PPV Damage Model. Mining, Metall Explor 2020t5. doi:10.1007/s4246020
002452.

Park J, Kim K, Lee T, Kim M. Tailings Storage Facilities (TSFs) Dust Control Using Biocompatible
Polymers. Mining, Mtall Explor 2019;36. doi:10.1007/s424619-0078 2.



25

APPENDIX A.

USE OF DRILLING PERFORMANCE TO IMPROVE ROCK -BREAKAGE
EFFICIENCI ES: A PART OF MIN E-TO-MILL OPTIMIZATION STUDIES

IN A HARD -ROCK MINE

Junhyeok Park, Kwangmin Kim

The Department of Mining and Geological Engineering, University of Arizona, Tucson, 85721

Published by

International Journal of Minig Science and@ednology

2019



26

A. Abstract

In a hardrock mine, blasting is an important rebkeakage process that impacts both energy
consumption in downstream comminution processes and miogugiivity. Optimizing the blast
fragmentation to improve oi-breakage diciencies during crushing and grinding is key to raioenill
optimization (MTM). This study explores the wuse
this goal. Represeative penetration rates (PRs) were extracted from blasthol estimaténtact rock
properties and predict the breakage efficiencies that directly affect comminution energy consumption. Two
intact rock properties, tensile strength (TS) and Bond WorgxdiiBWI1), were correlated with the PR data
to predict thesefficiencies h aushing and grinding, respectively. Because of the complexity of the raw
MWD data and effects of various disturbances, the MWD data was preprocessed and normalized to achieve
a regpresentative PR value at each blasthole. This preprocesdinited defimg valid PR ranges from the
MWD data that could eliminate the noise related to discontinuity features in the rock mass structure as well
as errors in operator behavior. The PR daa also normalized using the adjusted penetration rate)(APR
to minimizethe effects of mechanical factors such as drill feed force, torque, and rotational speed. To
correlate the representative APR value with intact rock properties, TS and BWI, vaifmuatdry
experiments were conducted: drilling tests usimipa-precisian coring machine, Brazilian disc tests, and
Bond grindability tests. Based on the results of these experiments, models were developed to predict rock
breakage efficiencies during shing and grinding based on APR. The result of this studypeaused to
obtan blast energy designs that consider comminution energy consumption and efficiency in the

downstream rockreakage processes.
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A.1. Introduction

Crushingand grinding aresomeof the most energijntensive industrial processes in the woth
mines, ock-breakage (comminution) processasnprisea major portiod about30i 60%05 of the total
energy consumptioii-5]. These processes impact not aagrgy consumption batsomine prauctivity.
Over he lastfew decads, efforts have been matteimprove commution efficiency at hardock mines
and he most popular of these approackésmi-to-mi | | o pt i mi,wkch wadirstointrddiMadM )
by JKMRC (Julius Kruttschnitt Minat Research Centeryhe ultimategoal of MTM is to improvethe
energy efficencyof rock breakagby optimizing blast fragmentatioBlastinggenerates microcracks that

reduce the required comminution energy in crushing and grinding, resulting in pviguctireases6,7].

MTM research falls under two main egbies: determiring the optimal (target)blast fragmentation
andcontrolling theblast fragmentationThis study falls under the former category and considers the effect

on downstream comminutiggrocesses, mainly crushing and grinding, to optimize biaginentation.

Input Feedback
Rock mass
characterization Output
; Optimal
Blasting energy fragmentation
Downstream Process )

lterative process
Figure Al. The concept of MTM

As shown inFigure Al, the MTM process fooptimizing blastfragmentation is complex and must

consider theharactestics of the 1ock massthe blast energy, amdbwnstream cmminution processs
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Rock mass characteristics are especially important but challenging to determine in real time since acquiring
this information is labemtensive and timeonsumingthese chacteristics are typically measured directly

from laboratoryandfield tests.Furthermore, approaches for applying rock mass characteristics in blast
energy design are limited; in practice, it is almost impossible to represent the entire rock masiria real t
given the scale and frequency of blasting and the higdrigd rock progrties typically found at hardbck

mines. In a porphyry copper deposit, for example, rock properties usually vary dramatically over even small
domains because of the complexifytiee alteration zone and its interaction with hydrotherfinad [8]. In

addtion, access to theuckpile or pit highwall to obtain samples may prompt safety concerns.

Drilling performance data can provide a viable means of characterizing the roclomd3dM. The
use of blasthole drilling data is advantageansedt is acquied systematically, routinelgndin real time
[9]. In the mining industry, monitoring while drilling (MWD) is s standard practice for obtaining penetration
rate (PR), rotationadpeed, flushing pressure, and G@RSed drillhole positionopdada [10]. Varbus data
logging systems are commercially available for recording this information, including Terrain [11}, DEI
[12], ProVisiod™ [13], and the Rig Control System (RC%)[14]. Many researchers have tried using
drilling performance datto characterizeack properties and rock mass conditions-1%. For example,
Segui and Higgins [10] identified the rock hardness from MWD data for use in a blast design; Ghosh et al.
[18] develgped a contour map of rock mass strength based on the ned8iP data in theAitik mine;
Chen et al. [19] applied MWD data to understand rock weathering grades; Hatherly et al. [20] verified the
validity of MWD data for classifying rock types bymoparingit with geophysical logging data from a
drillhole probe; ad MWD data was ab used to detect geological boundaries such as coal seams [21,22].
Recently, machine learning technology has been applied to classify rock types using MWD -@&fa [23
However,the currentMWD technologieshavestill not beenfully developedto accurate}l delineateand

understandock mass conditiongspecially for MTM
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MWD data includes two main types of information about the condition of a rock mass: its intact rock
properties and its structural featurédiscontinuities). This studgonsiders eacleparately and focuses on
intact rock properties, which can provide a measure of-boekkage efficiency during the crushing and
grinding processes and, ultimately, of taggetblast fragmentation. This approach could simplify and
reducethe high level d uncertainty associated with field data. Various stdtthe-art remote sensing
technologies are available folbserving structural featurasd can be used with the MW&Ystendescribed
below to investigate roekass conditionsin a mire. These techno@pes include LIiDAR and

photogrammetry instrumentation that can be mounted on unmanned aerial vehicles (UAVS), as shown in

Figure A2.

MWD Data Acquisition

Rock Mass |~ o
Information | '\

Feed
PR Force rpm

Depth

Normalization
Model Construction
Fragmentation Rock Characterization
Monitoring

v' Tensile strength
v’ Grindability (BW1)

Rock Property
Information

Blasthole
\Q Drilling

Figure A2. Vaious sensing technologies and MWD systems for rock chaizatien
and MTMin a hardrock mine

This study reasonably assumes that intact rock properties control the breakage efficiency in the
crushing and grinding processs For blast fragmentation ¢ool, rockmass structures must be considered

in addition tointact rock proprties [9]. However, once the rock is blasted, its breakage efficiency depends
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mainly on its intact properties [26] since the particle sizes igrighing and grinding processa® much
smaller than the typical block size in rock mabaio parameters cabe used to represent intact rock
properties for predicting comminution efficiency: tensile strength (TS) and the Bond Work Index (BWI).
TS is fundmental to the craeipening sages of crushing [27] and BWI is an intrinsic material
charateristic for thdine grinding process [28]. These parameters are inversely proportional to the energy
efficiencies for crushing and grinding; higher TS and BWjuiee more energy, which ressilin lower

breakage efficiencies.

The next sections outlinbe methodologgnd results of this study. Section 2 describes how the field
MWD data was preprocessadd normalizedising the defined valid PR range and adjugtedetration
rate (APR). SectioB discusses the use of models for predicting breakageyeefigiency base on the
results of laboratory tests. Section 4 introduces potential practical applications of this approach-at a hard

rock mine.

A.2. Preprocessing of Drill Performance (MWD) Data

MWD systems record rediime drilling performance datasing sensors. H& MWD data usually
includes some errors and inconsistent PR data that may originate from several sources: the drilling
equipment itself, the mediédue to geological variationsgnd operator behavior. For example, PR
fluctuates when therill bit contacs discontinuities such as faults, joints, fractures, and bedding planes, and
operators may stop drilling to deal with unexpected situations suobdasr shift change Given the
frequency and scale of blasting in haotk mines, a sigficant amount oMWD data must be updated
daily. Therefore, the errors and inconsistencies in the PR data have a sigsffeenon the ability to
achieveoptimumblast fragmentatiorConsequely, it is important tassimplify the PR dataninimize these
errors, and obta a consistent PR within a rock type to use drill performance as a measure of intact rock

propertiefor MTM.
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Figure A3 shows the analysis of approximately 986,000 PR measnterata hargdock mine
obtained using ®it Viper RCSsysten. The data distibution was positively skewed, meaning that the
dataset contained a large amount of exceptional values; therefore, sivepbging could produce
misleading results. To simpliffhé PR data and minimize errors, values higher than 1m/iiu(%.4%
of totd population) were considered outliers and treated as exceptional and invalid since including them
would result in unreamably high PR averages. For example, the average obllbetedPRdatawas 0.4
m/min, but the median was almostfh@.22 m/min, ad the median was still much higher than the most
frequent value (mode), 0.14 m/min. These values illustrate the cotymérbnducting statistical analyses
for MWD data. Notehat the 1m/min threshold was based on the overall range dbE for the nmie as

well as interviews with drill operators; consequently, this value is site specific and can vary at each mine.

120,000

Total 986,000

measurements

100,000 L Mode: 0.14

80,000
B > 1.0 m/min

Median: 0.22
60,000 m

Population

40,000 / Average: 0.40

20,000

0 0.2 0.4 0.6 0.8
Penetration Rates (m/min)

Figure A3. Histogram of PR datfrom field measurement

Defining a Valid PRRange.

To addess these issueavalid PR rangevas defined toepresent intact rock propertid3ata was

collectedfrom a single blastholéaround 15meters deepin a hardrock mine asshown inFigure A4.
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Even though the geological domain was relatively consigttemtighout the drehole, some data points did

attain exceptional PR values (over 2 m/min) #inctuated widely due to operatiorairorsand geological
featuresFor example, the wide range dRRalues observed in the first 5 minutes was not considefet

In additian to operational errors, these values may represent structural features such as voids and fractures
as well as mixed int rock properties. Ifrigure A4, since the rock type wa®nsistent throughout the

entire hole, it was reasonablysasned that the PRange shown on the graph could represent the intact

properties since it was relatively consistent, steady, and below the 1m/min threshold.

12
10 r
outliers from
=8 I uncertainties
E
Eer |/l |
£ “ |
ok | |
I\\ valid range | valid range
2 LY T
| /\_r\/\/\) IK/\,A/\/
; g 10 15 20

Time (min)
Figure A4. Example of valid data points from raw PR data

Normalization Using APR.

Although aPR rangecan be defined tminimize he dsturbances related teological variation and
operator behavigit does not apply tsmechanical factorsuch as feed forcéprque, and rotational speed
To estimate intact rock propees using driling performance for MTM, the dependency of raw PR on
mechanical factorsnust also be minimizedMany researchers have tried to find a function to obtain a

representative index fastimating geological conditions from raw PR data; howetir results &
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challengeable because the theoretical approactstoibieg drilkrock interactionss limited toaccount for
external disturbances [9]. Two popular approaches have beerousésf rock strength from MWD data:
applying the specificreergy of drilling(SED) based on empirical analysis and applyingXRR for data

normalization.

The SED for rotary nopercussion drilling is defined as the work done to eliminate a unit volume

of rock [29]. It can be calculated as,

L
YOO — O

5 — (1

where"Y'0O '© specific energy of drill (Ib/ihor N/n¥), O = diameter of the drill (in or m)Q = feed force
(Ib or N),] = rotational speed (revolutions per minute (RPM)s t or g wer (NAm3En and

penetration rate (in/min or m/min).

SED is the mdspopular approach due to its simplicity; it infers the rock strength index simply by
adding the measured drilling parametergdguationl [30]. However, SED is based on empirical agily
and has no normalization process [9]; consequently, it has adimtfility toeliminate the effect of the
mechanical factors arlinited applicability for measuring intact rock properties for MTM. In this study,
the APR for a rotary drillsuggestedy Zhou [24] was appliedThe effect of the mechanical factomsas
minimized by normalizing thePR datausing APR, as calculatday following equation [22]. Note that,
although this study focuses on rotary drilling, this approach could be applied tadotliveg systems,
pending further studies.

60Y]| :)U—_
on ot [2]

Il Cp 1 f [3]
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where,0 = the observed penetration rate (cm/min) and the coefficientletermined by reference values,

which are representdyy thesubscripfi r . 0

The reference values consider rock type, rock strength, drilling method, and operational conditions.
To determine these values, the maximum change ranges must first be defined for three drill&vdeatles
force, rotational speed, anorgued while consideing the possible operational conditions in a mine. The
most representative (median) values can then be assigned as reference values using the results of baseline
tests that entail applying the three controllable drill variables witiéndefined rangesn this study, an
electric motor drill was wused. Since the drill és
of its motor are inversely proportional, the variable for torque can be ignoEsiation[2]. However, in
a drill powered byan internal combustion engine (the standard in mines), feed force, rotational speed, and
torque respond independently, and tor{evaries depending on the RPM and power of the engine [31]
The reference values in this study were defined as 430 RPMidral speed) and 758 KPa (feed force).
Note that the same values were usedséordstone and limestone since the differenceémgth between
these rock types was insignificant in this study and the tests were conducteddonirellled environments

using an electric drill.

The APR was calculated usiguation[2] and Equation[3] with these defined reference values.
For exampe, if a PR is measured with 420 RPM and 800 KPa of feed force, the denominator becomes
80/t ¢ Tt The value of can be expressed as PA8ofrand divided by denominator. As mentioned
above,torquet, i s constant since an ®l ectnrcied emot arh ed rAiPIRI

be about 96% of the PR value.

A modified GCTS presurecontrolled coring machine (RCR50) was used for the drilling tests with
24.5mm core bits (9mm diamond segment height, 3mm segment thickness, and 102 mm overall height).
The drilling depth, rotational speed, and feed force of the bit were measurga@ usittime mult-channel

data logger. Typical drill progress ranges were between 25mm and 40mm, depending on the tested sample
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lengths availablef-igure A5 shows the coring machine and set of sensors for the labesatdey MWD

test.

Feed
Pressure
Controller

- —

\
\

i Sample
| Basket |«

Load Cell | AL

Figure A5. The modified GCTS pressure controlled coring machine (8D and a drilling test

The disturbances generated from the mechanical factors were successfully eliminated (normalized)
using the APR, and consistent PR data was wftaFigure A6 shows the results of normalizing the
laboratory drill dataFigure A6(a) shows the raw PR datahich were highly dependent on feed force and

rotational speed changes, dfigure A6(b) shows the PR data after applying APR.
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Figure A6. (a) Raw PR data obtained directly from the laboratory danidichineand (b) APR after
processing the raw data.

Figure A7 shows histograms constructed using PR and APR data that falls within the valid range to
compare their overall distributions. Although the trends for the two histograms do not differ sighifican

the APR data is more distributed and less centralized than the PR data.
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Figure A7. Histograms of (a) PR anh) APR using the valid range of laboratory drill data
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Because the results shownHigure A6 and 7 are based on laboratory PR test data, applying them
to field conditions is premature. Field applications will require further stédiegarticular, studis
featuring drills that use internal combustion engiies example, the APR EquatioBduation[2]) must

consider a specific torque curve that can be provided by equipment manufacturers.

A.3. APR and Intact Rock Properties

Processed MWD data can beedgo predicthe rock-breakageefficiencyin crushng and grindng
processebased on the relationship between drill performance (APR) and intact rock properties. A series
of laboratory rock tests drilling tests using a highrecision coring machine, talestests, and BWI tesds
were conducted to find the rétanship between drilling performance aimdact rock properties. As
previously noted, this study assumed that TS and BW!I could represent the resistance to fracturing and
abrasion during comminutiort'S can be considered as a fundamental property for woedkage in

crushing [27] and BWI is the most popular measure of the energy required-grifideng processes.

In the laboratory tests, the testedk types included Coconino sandstone as welhaasstone from
a quarry in northern Arizona. A total ofi1 samples (80 sandstone, 61 limestone) was used for the tests.
The NX core (54.7 mm diameter) with 200 mm of height was divided into two parts: 25 mm for Brazilian
disc tests (to measure TS) and 7% fior drilling tests (to measure APR). Fragments otdiséed samples
were then collected, crushed using a laborasogle jaw crusher, and used for the grindability tests to
determine the BWINotethat fewer Bond grindability testsere conducted becs@ theyrequirea larger
amount of feed samplésver 5lg) thanthe Brazilian disc and drilling test&igure A8 shows tested rock

samples and the procedure for the laboratory experiments.
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Figure A8. Rock samples and labday experiment procedures

Grindability Tess

Bond ball mill tests were conducted to measure the grindability of rock. BWI is an intrinsic
characteristic of rock grindability, representing the specific energy for grinding rock when the feed size is
6 mesh and the product size is 100 mesh. This stushd a laboratory Bond ball mill consisting of a

cylindrical steel jar and a 70 RPM motor to derive BRigure A9 shows the mill.

Figure A9. Laboratory Bond ball mill
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To measure BWI, the standaBbnd grindability tesprocedurenas followed, as shown iRigure
Al0 [32,33]. This test requires feed material (roc
were obtained by crushing the aftermath fragmémts the drilling and Brazilian disc tests with the

laboratory jaw crusher.

Adjust the number Remove underflow (-W,)
of revolution and add new feed (+W,)

Crushed sample ) 700 cc Measure = Sieving with W,, W,
< under 6 mesh bulk density Tumbling = 100 mesh Gpr

*Circ. Load = Circulation Load = weight of oversize / weight of undersize
*Gpr = Grams production per revolution = Net underflow / number of revolution

Circ. Load”
=250%"?

*W, = the weight of overflow
*W, = the weight of underflow

Figure A10. The procedure of the Bond standard grindability test

Each tumbling procedure was repeated until the material flow reached the staadgf the
circulation load, which was calculated using the ratio of the weight of oversize to undersize fragments based
on the 100 mesh (150 em) sieve opening. Once the

periods, it was regarded as chig steady state.

Based on test results, BWI was calculated u&iggation[4]. This calculation used product/feed
particle sizes along with the average net grams produced per revolBfignnieasured during the last
three periods aftgeaching steadytate. Boand kowere obtained from the Gaudi@thumann distribution

curve plotted by sieving tests using various mesh sizes.

6 & QAT o
T pm [4]
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where BWI = Bond Work Index (KkWh/mtRi= openi ng s iCs ¥ @ranspradecedgee m) ,

revolution (g), k= 80% passing sizF@e=080wrpdsstngem)zeaatd fe

For limestone samples, this Equation was applicable, buhéoisandstone samples, a different
approach was used to calculate BWI. Since sandstone is a typical clastic sedimentary rock consisting of
1062 0 0 ¢ me particles, tha ¢ohesion between particles is much weaker than their strength. This
characteristicaused an inconsistent phase of grinding speed in the tumbling mill. The particle size quickly
reducedto 102 0 0 & m, but addi t i oprodutedabnost noathangeglue @aotthe highner s i
hardness of the silicate. Therefore, it was difficultatthieve steady state for calculatiidy).i As an
alternative, the Berry and Bruce comparative method [34] was used to estimate the BWI. The applicability
of this method has been verified by other researchers: Adeoti et al. [35] and Alabi et al. [36]tosed
measure the BWI values of graphite and columbite ores, respectively, and showed that their values were
within the range of the actual BWI values bé&tores. Likewise, Todorovic et al. [37] found that the BWI
estimates from this comparative methodra/within 8% of the actual BWI. Given the purpose of this
studyd identifying the relative changes of BWI in accordance with the blasthole APR changes and
predicting/improving rock breakage efficiericyhis method was acceptable. Although it does not yield a

actual BWI, it provides consistent test results, which is key to this study.

The BWIs of sandstones were approximated uBiqeation[5]:

p T p T

s e 0 0

O0w0O 6wo [5]
p T p T
6 O

w h e r eefers totbe referenedmat e r i aréfersatathd tediet material.
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The sandstone sample that was chosen as a reference material (sa@tidstdiadleA.1) had a more
cohesive structure than other specimens and did not exhibit the general propensity of sandstonesds describ

above.

The average BWIs for sandstone and limestone were 51881 kWh/t and 6.45 0.61 kWhtt,
respectively. Althagh the measured BWIs were lower than the general ranges for sandst@&id/h/t)
and limestone (4 26 kWh/t) [38], they were stittonsidered acceptable given the purpose of this study and

the variability of rock.

Table A.1 shows details for the ¢=d rock samples as well as the experiment resultsLdéle
hardness (LH) index was measured using the method proposed by Aoki dasdkia [39] for
investigating the basic strength of rock samples. The Unconfined Compressive Strength (UCS) was
estimate by converting the LH index [40]. Because the number of rock samples was limited, other basic
mechanical properties for the rock typesre not evaluated in this study, and only one BWI measurement

was conducted for each test set.

Prediction Models

Models were established to predict rdmleakage efficienes using nonlinear regression analysis.
BWI and TS can be predicted using theasured APR. Previous studies have shown that the relationship
between PR and rock strength commonly follows a powekponential function [484]. The test results
in this study followed a power functiod( ¢xd ) that can be expressed as linear fiomcin a loglog
domain. Applying logarithmic transformations in a regression model is a common way to handle a nonlinear
relationship between two variables, especially when they are highly skewed likeldhHdWD data, as

shown inFigure A3.
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Figure A11 shows the test results for the 80 sandstone samples. The model plots these results with
a 95% confidence interval (Cl) and prediction interval (PI) lines. Note that the CI indicates the 95%
probability mange in which a current observation lies, whileifitlicates the range in which a future

observation will fall with 95% probability.

20 1.6F
.o ~ ——— Regression
) 1.4f e 95% Cl
. - » 95% PI
L ° ¥ LR
15 = 12}
X =
s L o 1.0r
o o
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2 \ e o8
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5l . ﬂ\t%:i:o\ £= : ‘
. o. .?.\\\1‘. 04 I .
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APR (cm/min) log APR (log cm/min)
€Y (b)

Figure A11. Regression model of sandstone for APR versus tensile strength

Figure A11 shows the upper and lowerld@undaries that were defined for the prediction madel
the relationship between APR and TS, witinlnear and logdog plots. The prediction model for TS was

generated usingquation6:

GEY T TESD'YpP] @ [6]

where APR = the adjusted penetration rate (cm/min) and TS = tensile strength (MPa).



TableA.l. Information for tested rock samples and experiment results

Rock type | No. Sar_nple Specific gravity LH index UCS (MPa) | APR (mea_ntSD) TS (meantSD)  BWI
Size (meanxSD) [36] (cm/min) (MPa) (KWht)

1 10 2.58 692.20+21.68 104.84+2.86 4.11+1.60 15.64+1.98 9.66

2 15 2.33 618.80+17.48 70.69+2.80 10.02+0.66 5.59+0.68 5.47

3 10 2.16 552.07+17.34 49.40+2.80 7.48+0.32 5.44+0.96 5.56

4 10 2.27 597.43+25.46 63.02+2.92 9.01+1.68 5.63+0.95 4.94

Sandstone 5 10 2.33 52440+19.42 42.58+2.83 13.43+0.42 5.99+0.54 4.90
6 6 2.34 767.12+17.81 156.76+2.80 5.30+0.39 6.81+0.85 7.07

7 8 2.08 466.13+33.22 31.14+3.05 12.69+1.10 3.93+0.43 4.87

8 5 2.39 631.65+16.28 75.74+2.78 7.34+0.71 5.41+0.47 4.66

9 6 2.33 527.45+14.94 43.28+2.76 13.71+3.01 3.33£0.46 5.45

1 4 2.64 568.87+17.17 54.06£2.79 4.75+0.29 5.15+0.44 5.73

2 4 2.63 634.30+10.14 76.82+2.69 4.81+0.13 5.89+0.75 6.68

3 9 2.64 570.57+£13.27 54.56+£2.74 4.74+£0.40 5.36+0.58 6.74

4 9 2.64 578.67+19.85 56.98+2.83 4.77+0.3 6.10£0.75 7.11

Limestone 5 7 2.62 583.87+15.65 58.60+2.77 4.91+0.21 5.02+0.97 6.58
6 4 2.63 608.53+10.28 66.89+2.69 4.91+0.55 5.05+1.03 5.20

7 6 2.67 572.20+19.04 55.04+2.82 4.27+0.37 6.76+0.95 6.80

8 3 2.66 578.33+11.46 56.88+2.71 4.42+0.10 5.27+103 6.76

9 10 2.64 630.43+10.74 75.24+£2.70 4.76+0.47 5.21+0.81 6.06

10 5 2.67 587.20+14.21 59.65+2.75 3.97+0.21 6.72+0.38 7.29




Figure A1l shows that, for APR values lower tharcm/min, the corresponding TiScreased
exponentially, indicating that thenergy requiredor crushing is exponentiallizigherin this range. For
example, when APR was 5 cm/min, the predicted TS was 8.8 MPa. When APR decreased from 8 to 5
cm/min (a chang of 3 cm/min), the TS increase was only Ba; however, when it decreased from 5 to
2 cm/min(the same change), TS increased by 8.5 MPa. Consequently, if the measured APR in the field is
decreased, more energy will be required in the crushing prot¢esblakting, but the required blast design
to improve rockbreakage efficiency will differ sigificantly depending on the APR range. APRs that are
lower than 5cm/min will require more blasting energy if decreased based on the relationship shown in

FigureA.11.

Figure A12 plots BWI as a function of APRr sandstoneData points were limited becausf a
shortage in feed materials (sandstone samples). Since BWI experiments require a relatively large amount
of samples, more tests are required to generatprédiction model; however, this analysis did show that

BWI relied significantly on APRhangs.
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Figure A12 Regression model of sandstone for APR versus BWI
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Based on the results shownRigure A12, a prelininary regression (prediction) model of APR vs.

BWI was generated for the sandstas® shownn Equation[7].

AESRO T8 @ £ WY pP @ [7]

Figure A12 shows that, for APRs lower thamound €m/min, the correspondingW!I increased
exponentially withdecreasing APR (harder rock for grindingigure A13 and 14 show the test results for
the limestone samples, which vary less than the sandstone.rBlsisidifferencecould berelated tasample
consistency(the limestonewas sampledat asingle quarry. More studies are requirdd determine the

cause of this difference

14F 1.2
11k —— Regression
R B 95% ClI
__ 10} ] : 95% PI
< T
_ 10+ % 09l R
e ! e
= : g osf
(7] n
F = 07}
6 =]
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2' L L 1 ' L O L 1 L L L
2 3 4 5 6 %).55 0.60 0.65 0.70 0.75
APR (cm/min) log APR (log cm/min)
€Y (b)

Figure A13. Regression model of limestone for APR versus tensile strength
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Figure Al4. Regression model of limestone for APR veB\WW

Figure A13 and 14 showed a clear dependency of TS and BWI on APR changes, but the data points
were dispersed and too few in number to develop reliable prediction modelsth@igoal of thistsidy is
to demonstrate the use of PR data in mining applications, preliminary regression models of APR vs.

TS/BWI were generated for limestone as showdnation[8] and[9].

aEY T £ &N Y pd Y [8]

G EEDHO TR & £ &Y p& Y [9]

Thelimestone test resulshowedthat, for APRs belovaround 4m/min, the corresponding Téhd

BWI increasexponentially withdecreasing APR.

This analysigound that rockbreakage efficiencie§ & and BWI)couldbe predicted using APR and

thatthe prediction models follow power function(® X ). Becausehte prediction modek bothsite-
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and rocktype-specific,it was possible to minimize the vatiian that may occueven within asinglerock

type in a mineTherefore,e same specificity applies to the <coe
i k .0rhe coefficients can kaerived from lab tests initially and later updated to minimize the giaoey

between the predicted and monitored valbased on tb dataobtained during blasting, crushing, and

grinding Through this iterativgrocess, reliable prediction modekneventuallybedevelopedor a mine.

A.4. Potential Field Application

For practicalapplication in the fieldthe results of this anadis need to be simplified and presented
in a way that is useful for mine operators. This could be accomplished by developing thematic maps for
various blasthole clasifimeditum,nd drddrilkaxrad) et hd

beforeblasting, especially in the absence of geological surveys.

This would entail developing a retine thematic map that shows relekeakage characteristics
(crushability and grindabilitybased omrepresentative APR valué®MWD data) andprediction models.
Such a map could be created by integrating MWD data into mine planning scftwearas MineSight',
Surpacé™, Vulcan™, etc; the data could be simply integrated into the existing blasthole ataatvhich
allows users to store, manage, and visualize &gare A15 describes this concedote thatapplying
this method in the fielgdtill posesmany challengeandrequiresfurther study the purpose of this section

is to illustratethe conceptfothe potentiahpplicationin mining industry.
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Figure A15. Thematic mapping using drill performance

A PR map displaying the representative APR valusaah blasthole can be generated, as shown on
the left side ofigureA.15. Although each blasthole has a representative APR value, in practice, it is almost
impossible for mine operators to apply different blast energies at each hole [10]. Therefaraptb@uld
be simplified by classifying blastho@f or exampt epo &Bmediisom, 06 and HAhard
classification refers to roekreakage efficiency such as crushability and grindability based on TS and
BWI6 not rock hardness.) For exampleptthresholds, 5 and 10 cm/min, could be defindeigaire A11,
which shows the relationship between APR and TS. Blastholes having APR values that are lower than 5
cm/ min could be classified as Adhard, 0 bem/mmen 5 a
as fAsoft. o At each <cl assi fbe asmsignedoto imprave rbtkeakage ener ¢
efficiency in the crushing process. Two simplified thematic maps could be generated based on the
prediction models, as shown kigure A15: a TS magor presenting the comminution efficiency in the

crushing process aradBWI map for presenting comminution efficiency in the grinding process.

Optimal blast energy design requires both determining the target fragmentation and controlling the
blast fragmatation. This study focused only on the target blast fragmentatioichwhust consider

downstream comminution processes (crushing and grinding). Therefore, the use of thematic maps as
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suggested above is limited to identifying the target fragmentatiodehawck for crushing and grinding
demands better (smaller) blast finagntation, which in turn requires higher blast energy to improve rock
breakage efficiency and reduce downstream comminution energy. Blast fragmentation control, on the other
hand, must ensider factors such as rock mass strength and structural featureetbanot part of this

study. Further studies are required to finalize the optimal blast energy (powder factor) design for a given

rock mass.

A.5. Conclusion and Future Works

This study showed the potentifdr using drill performancedata toestimaé rock-breakage
characteristicé crushing and grindings the part MTMefforts A valid PR range wadefinedto minimize
the effects of geological factors angpresent intact récpropertied TS and BWé& from blasthole PR
data Likewise,the APR concept waappliedto minimizethe effect of mechanical factors by normalizing
the PR data. The results of laboratory tests with sandstone and limestone samples indicatedctnatiAPR
be correlated with TS and BWihichare directly related to roeireakage effiencies inthecrushing and
grinding processesespectively Ste- and rocktype-specificmodelswerethengenerated to predict rock
breakage efficiencies with a representative APR at each blasthole. In additiethodology was proposed
for field applcationsthat involves creatinghematiamaps possiblyusingmine planning softwajdo guide
operators irallocatng the proper blast energy desighblastholes. To create these mégestholesvould
be classified based otheir rock-breakage charactstics (e.g.fisoftd imedium ¢ fhard). This study
demonstrated how to extract intact rock propertiespf@dicting rock-breakage characteristiés the
crushing and grindingprocessedgrom drill performance (MWD) data. It also showed howdevelop
prediction modeldor estimating rockoreakage characteristics using APR valinesh laboratory drilling,

Brazilian disc, and Bond grindability test
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Althoughraw MWD field data wereisedto define the valid PR rangésr extracing theintact rock
propertes, the predictiomodels were generated basedtloaresultsof lab tess only. Some challenges
must be overcome before this methodology can be applied in the field. One such challenge is to understand
the heterogeneous nature of the rock mass andieffiyobxtract the itact rock properties. Although this
study extracted valid PR ranges and obtained APR values via simple algorithms, this was achieved under
fully controlled conditions in the laboratory; actual field data may require much more sopéisteal
complex stastical methods. Another challenge is correlating the field and laboratory APR values.
Obtaining representative APR values from raw fidd/D datamust account fovarious conditionsuch
as significant interactions between the dritldmd rock, friction between the drill rods and bore wall, the
use of drilling fluid, and bit wear [20]; therefodgvelopingareliable correlation between laboratory APR
and field APRcurrently involves ignificant uncertainty. Furthefollow-up studieswill be conducted to
achievereliable fieldAPR valuessite-specific prediction modeland ultimately,site-specific target blast

fragmentatiorthatconsiders the downstream comminution processes irda el mine.
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B. Abstract

The degree of weathering, a key parameter for evaluating rock mass stnasgtiaditionally been
guantified based on visual inspection by engineers. In an affoeduce the human bias associated with
this approach, a study was conducted to assess the potential for using spectral imaging to quantify
weathering. It entailed deloping a portable, rapid method for narrowband multispectral (NBMS) remote
sensing using spectralndex classification algorithm, applying this algorithm to detect weathered features,
and then quantifying the degree of weathering based on the pessotageathered and aperture areas. A
case study was conducted on Mt. Lemmon in southeizo®a and spectral images were collected from
rock slopes using a visibleand neatinfrared (VNIR) hyperspectral camera. A tlsand ratio approach
was used to deleate key areas. Wavelength ratios of 601nm to 550nm and 993nm to 450nm, respectively,
wereused to delineate weathered and aperture areas on the rock mass. The weathering degree at the test
site was then quantified using thematic images. This entailedsasgehe percentages of the weathered
(22.5%) and aperture (12.5%) areas in the therimatige and using them in a modified Geological Strength
Index (GSI) evaluation. The weatheringratingY was cl assi fied as fAslighto
the percentage of weathered and aperture areas, and the GSI| was determined to be 43. This study
successfully demonstrated the potential for using spectral information to quantify rock massingsagh

well as for using the calculated weathering degree to estimate the GSI.
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B.1. Introduction

Rock mass strengbhthe maximum resistance to external stre3sesn be measured via Rock Mass
Rating (RMR), the @system, and the Geological Strength Ing@sl), among other systems. However,
these systems often present challenges for quantifying rock mass conditions, which are used to evaluate
slope stability. In the mining industry, these challenges are related to-#$legatscale, accessibility, and
the hunan bias that is introduced by conventional scanline surveys (or cell mapping), which rely on visual

inspection.

Potential Error Sources

The degree of weathering, a key parameter in rock mass estimation, introduces a major source of
potential error sice itrelies mainly on visual inspection and subjective evaluation by geological engineers.
Weathering typically reduces the strength of the rock mass and accelerates its disintggrafion
geotechnical applications, visual observations of weath&mgson the disintegration and decomposition
of the rock, discoloration, and the presence of decomposed and discolored rock along discontinuities [2,3].
For example, highly weathered granite generally shows separation of rock grains, discoloratidrodue to
oxides, increased friability, and the formation of clay minerals [4]. Sesearchers showed that the shape
and size of the dimlored areas on the rock mass surface can indicate the relative age of fractures, as well

as groundwater infiltration arftbw processes [5,6].

To eliminate the human bias in weathering estimation,-sfatiee-art image processing technologies
can be applied. These technologies include spectral imaging and 3D LIDAR (Light Intensity Distance and
Ranging) imaging. Spectral agingis especially useful because it can mimic human visual observation
but mitigate the limitations related to resolution, color sensitivity, and bias. In recent decades, images that
have been acquired remotely through spectral sensors have demonitiatgiity in geotechnical and
geological inspections. They have been used to delineate weathered rock mass surfaces by detecting the

diagnostic spectral absorption features of altered minerals [7]. Likesldserange spectral image sensors
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have beerusedsuccessfully to detect the delicate changes in mineralogy on the highwall and in the

weathering of rock masses [B)].

Spectrallmaging Types and~eatures

Spectral imaging can be classified into two main tgpkgperspectral and multispectdabasedon
the continuity of information in the wavelength domain. Hyperspectral sensors employ over 100 contiguous
bands to obtain a continuous reflectance spectrum fyiven material, whereas multispectral sensors
typically use fewer than ten discrete band# tan be selected to delineate material characteristics. Each
pixel of a hyperspectral image contains a full spectrum, whereas each pixel of a multispectral image

contains a set of isolated data from separate wavebands.

Therefore, hyperspectral sensor@yne better suited to the detailed classification of spdettlres
[11]. However, the large number of bands (higher spectral dimensionality) could causbadanoa
between classifiers and the training sample size, known adubkes phenomenon [12during data
analysis. The Hughes phenomenon refers to the decrease in classification accuracy that occurs as the
dimensionality of the classifier increases bayarcertain threshold [13]. Furthermpsece scanning each
pixel with the full spectral daset is time and energy consumptive, hyperspectral imaging is not feasible
for field applications, which require fast and portable image acquisition. Thus, Igwleeidimensionality

is important for practical applications of hyperspectral imaging.

On theother hand, multispectral imaging has fewer, but wider, spectral bands for classifying features.
This characteristic supports raahe and online image acquisiti without large power or computational
load requirements, allowing for sustainabtigble cataacquisition for various field applications such as
those involving unmanned aerial vehicles (UAVS) [14]. Therefthre benefits of multispectral imaging

(flexibility and mobility) outweigh the higher analytical capability of hyperspectral imagingaictipe.

Fortunately, narrowband multispectral (NBMS) imaging leverages the advantages of both

technologies for feature classification. NBMS was developed asult ofsrecent advances in optics
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technology [15]. ltuses bandpass filters with a narrow baiulth (approximately 10 nm) to provideore

delicate spectral information in real time and thereby improve classification ability and efficiency [14].

StudyGoal and Scope

The ultimate goal of this study is to develop an automatedmads classificatioaystem that will
overcome accessibility and human bias issues using advanced image processing technologies. To achieve
this goal, a quantitative approach for ewing the degree of weathering using NBMS imaging was
investigated. Section 2 details the ggeses for developing thematic maps using hyperspectral, NBMS, and
RGB imaging. Section 3 discusses how the quantified weathering degree information was intetgrated

GSI (rock mass strength) estimates for the study site.
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B.2. Spectral Image Acquisitionand Processing

Spectral image processing was conducted to extract and classify the features of interest from raw
hyperspectral data. The geological featurestef@st (weathered, nameathered, and aperture areas) were

extracted via computational andaigstical approaches, using ENVI software and the Oper2}Bon

library. The workflow for the spectral imaging processes is showigure B1.

Hyperspectral Imaging

| ]

' | Hyperspectral data acquisition : . ;
T NBMSImaging  RGBlImaging
E Preprocessing E Feature bands selection . ''| RGB image data acquisition | |
i v | ¥ ¥ L :
| Endmember designation <! | Spectral Index configuration | ' ! Endmember designation :
1 i 1 I} ¥ I :
: Thematic mapping - SAM E E Thematic mapping - SI i E Thematic mapping - MLE E
Ae— | S——— N——— | S P | PR——— :

Application on rock mass evaluation (GSI)

Figure B1. Workflow of hyperspectral, multispectral, and RGB imaging process

Data Acquisition andStudy Area

Spectral images were acquired using the Surface Optics SOG7h@perspectral camefbs]. This
visible- and neaiinfrared (VNR) camera has a spectral range of i4@®M0 nm, which corresponds
wavelengths in the visibllight to neatinfrared range. Its sensor has a spatial resolution of 696 x 520 pixels
and spectral resolution of 128 pixels (bands). Historically, the-greom neasinfrared (SWIR) wavelength
range has been applied for mineral identification; howerehis study, the VNIR range was selected for
practical reasons such as portability, cost, and fast image acquisition. This range can still mimic an

e n g i n isualindpsction (typically 46000 nm) for geological surveys.
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The study area was an expogseadd cut (rock slope) located near Thimble Peak Vista on Mt.
Lemmon in southern Arizona, USA&igure B2 shows an image of the study area. Hyperspectral images
were obtained from two subsections, A and B. As showiiguare B2, the area mainly consistetigranite,
with heavily fractured and weathered zones. Several rock chips were also observed. Rock samples,
weathered and relatively unweathered, were colleeted,the uniaxial compressive strength (UCS) was
estimated using a Schmidt hammer and a goad tester. The average estimated strengths of weathered
and unweathered samples wareund40MPa and 1201Pa respectively, indicating a significant reduction

in strength due to the weathering, multiple fissure systems, andatiodi observed ifrigure B3.

Note that granite is a competent rock with low porosity and permeability. However, once water
infiltrates into the rock mass, areas adjacent to fracteesnhe atered and degraded. The contrast between

the weathered and relatively nareatheredffesh) areas can become more distinct because of the fracture

pattern, discoloration, and formation of clay minerals [16].

F‘

Figure B2. Image of the study area. Hyperspectral images were captured from sections A and B.
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Figure B3. Rock samples from the study area:
(a) weathered granite and (b) relatively nareathered (freshyranite
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Pre-Processing
Images were prprocessed using raw hyperspectral cubes. Thigpmeessing inclugd camera

calibration, atmospheric correction, and noise reduction.

Camera calibration.

Raw data from the hyperspectral camera contains onlytaldigimber (DN) that corresponds to the
pixel intensity. Because light conditions affect pixel intensigtadnust be calibrated. In this study, the
DNs in each element of theyperspectral cube were normalised and converted to reflectance values based

onMunsell (18% reflectance) gray [17].
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Atmospheric correction.
Reflectance values were also corrected tomensate for the effects of the atmosphere. This entailed
removing the dependence on atmospheric conditions (absorption by molecules, gas, at)doaettmso

surface of the rock mass to improve spectral classification.

Noise reduction.

Noise reduction isssential to improving the quality of hyperspectral analyses. The radiance received
by the spectral sensor is generally degraded by instrumental noise (thermal, quantization, anfLghoton)
Two methods have been commonly used to redugise in the hygrspectral imagery [19,20]: the
maximum noise fraction (MNF) and principal component analysis (PR#)this study, the MNF method
was applied as shown Figure B4. The raw spectral profile of a pixel is shownRigure B4(a). After
noise reduction, #asmall spikes, which are considered minor components of the trend, were eliminated to

producethesmoother curvéhat isshown inFigure B4(b).
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Figure B4. Noise reduction results (defore MNF transform and Jlafter MNF transform.
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Endmemberdesignation

Hyperspectral images can be classified based on a representative spectral profile of each feature that
mi mics an engineero6s visual i rsEegtrallg pure @waonstituehthtteat pr o c «
cor responds to each feature of interest is deferrec
weathered, relatively neweathered (background), and aperdureere identified for this study site. The
representati® spectral profiles for each endniteen were derived by averaging pixel reflectance across

wavelengths. Hundreds of spectra from each endmember were manually selected from these three areas.

The profiles for each endmember are showRigure B5.
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Figure B5. Endmember designation for the features of interest-(meathered, weathered, and aperture
areas): (a) section A and (b) section B.
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FeatureBand Selection andSpectral ndex

Detecting features ahterest from raw images is difficult using siedpand methods. First, the
contrast between the weathered / aperture areas anwdaathered areas (background) may be insufficient.
In addition, singlebandmethods pose a higher risk for encountering ragsified pixels that have similar
intensity vales as feature areas [2T)o intensify this contrast and show a uniform response across the
entire rock mass, a spectral index (or fAband rati
known norméised difference vegetation index (NDVI). Configd with red and NIR bands, NDVI has

been widely used to identify vegetation areas.

In this study, a band ratio was used to identify weathered and aperture areas. This ratio was developed
by selecting a couple of bands at specific wavelengths based @peabtral profile of the endmembers
shown inFigure B5. The most effective band rasi thosewith the highest contrast between reflectances)

were identified for weathered and naeathered areas afmt aperture and neweathered areas.

Weathered inde@\I).

On weathered areas of the rock mass surface, granitdiseagored indicatirg biotite and feldspar
alteration that occurs when water flows through fractures and forms rdmidish ironoxides [16]. This
discoloration was assumed to be a goodcatdr of weathering; consequently, this study mostly focused
on the discolored and agiure areas, as suggested by the work of other researchers [3,5,6]. To ¢valuate
weathered area, a weathered index (WI) was determined as the ratio of two wavél&a@tinsn (green)

and 601 nm (orange).

w0 - h [1]

where” is thereflectance value at a specific wavelength.
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Aperture index (Al).

An aperture is an open discontinuity on the rock mass that is filled with air or water. ®moekh
wall receives high tensile stress or the existing fracture is eroded by weatheriagethege density
increaseg22]. As shown inFigure B5, the spectral reflectance of an aperture at a short wavelength is
almost zero, but reflectance increaaenger wavelengths. Thus, the ratio between the(8a@nm)and
NIR (993 nm)band provided good contrast for aperture detection. Aperture index (Al) was determined as

the ratio ofthesetwo wavelengths as follows:

0 O - 8 [2]

where” isthereflectance value at a specific wavelength.

Occlusion index (Ol).

Ssamded (Aoccludedod) areas, which have |l ow refl ec
processing. To evaluate theeaxffiveness of hyperspectral classification across these areas, an image mask
was created using an occlusion index (Ol) andiegmuring thematic mapping. The Ol was defined as a

combination of the NIR band (993 nm) and two blue bands (400 nm and 4% folipws:

VIN©) 8 [3]

where” isthereflectance value at a specific wavelength.

ThematicMapping andQuantification

Thematic mapping shows the spatial distribution of the features of interestioratie It involves
mapping the spectral index values in image pixels tobitlgray sale. To classify features on the map in
a binary way, a threshold was then defined to distinguish weathered and aperture aneas-Wveathered

(background) areas.his process was automated using the adaptive threshold techniquesf2a of
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using afixed (absolute and specific) threshold value. It determines the thresholding values based on the

relative difference between the intensity of the featured object mwkground, mitigating the

misclassification caused by the global intensity gradientbiiey images of each spectral index were all

combined to create a thematic map. The overall process of thematic mapping and image processing is

described irFigure B6. Nonweathered, weathered, aperture, and shaded areas are sikogurerB7(c)

and qd) as green, red, blue, and black respectively.
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Figure B7. Thematic maps using various algorithms.
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Other approachésthe use of Spectral Angle Mapper (SAM) and RGB analysisre also applied
for comparison with hyperspectral fllbnd analysis via NBMS. SAM uses the similarity betwspactral
vectors to classify target features. It offers a key advantage: the ability to classify target features under
altered sunlight since it depends only on the directions of spectral vectofginatdgnitudes [24]. In this
study, the spectral vemt of each image pixel was compared to that of each endmember. Note that the
reference spectral information of each endmember for SAM was the same as the designated endmembers
shown inFigure B5. If aspectral vector at the arbitrary pixel showed the &iestarity with the reference
spectral vector of the fAweatheredd endmember, the
similarity produces the smallest spectral angle. The thematigeésndeveloped using SAM are shown in
Figure B7(e) ard 7(f). RGB analysis of normal digital images, a relatively simple andzastficial
method, was also used to evaluate the relative capability ofier@ad classification. This method has been
used o detect rock weathering by other researchers [f@his study, a maximum likelihood estimation
algorithm was applied to classify the weathered and aperture areas. The thematic maps using RGB analysis

are shown irFigure B7(g) and 1h).

Compared to dier approaches, the spectral index imagégufe B7(c) and {d)) analysed using
NBMS showed the most reasonable results. The NBMS algorithm never misclassifiactatbered
points as weathered; it also produced better results for shaded areas andatferimgéaperture
classification. The shadedeas (the black, masked areas on the left side of section B) did not influence the
spectral classification of the aperture and weathered areas from tiveeatitered areas in the spectral
index images. In addan, NBMS successfully delineated the hiddgrerture under the shade area, shown
in the white circle irFigure B7(d), whereas the SAM and RGB images failed to even detect this aperture
line. For weathering classification, the RGB analysis yielded simekults as the spectral index image;
however this method could not discriminate between the aperture arezxendion and it overestimated
the size of the aperture. In addition, because the RGB color space uses only three bands, this method is

suscepble to changes in illumination conditions(lexample, during sunset) [25].



70

Calculation of Percentages ofVeathered Aperture, andBackgroundAreas

Weathering was then quantified by calculating the percentage of classified pixels in the weathered
and apedure areas over the entire image. Table shows the percentage of weathered and aperture areas
for sections A and B. The weathered areas comprise 14.1% and 22.5% and the aperture areas comprise 6.5%

and 12.5%of sections A and Brespectively.

TableB.1. The percentage of the estimated weatheredsa

Section Weathered Aperture
A 14.1 % 6.5 %
B 22.5% 12.5%

B.3. Application to GSI System

Spectral indexes from twiband ratios were calculated and used to delineate thelatisd and
aperture area3he quantified weathering in section B at the study site was used to evaluate the rock mass

via the GSkystem [26]

The GSI system estimates the condition of the rock mass or slope based on its structure and surface
conditions. Thetsucture rating (SR) awiders block size and the interlocking of rock blocks; the surface
condition rating (SCR) considers weathering, persistence, and the condition of discontinuities. GSI score
can rangdrom 10 to 85. Higher values represent goodéintack mass conditionsvhereas lower values
represent poor/fractured conditions. A key challenge for GSI estimation is that joint surface conditions are

based on qualitative guidelines, which induce human bias, rather than quantitative calculations.

Sonmez and Ulusaj27] proposeda modified version of the GSI system, also known as Turkish GSI.
The SR parameter describes the geometric characteristics of joints (joint space and density) and can be

calculated as follows:
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YY p@l v x & [4]
whereu is the volmetric joint count (joint/r¥).

Traditionally,0 has been assessed using a conventional scanline survey (or cell mapping). In this
study, a 3D LIDAR image was used to estimati section B, as shown Figure B8. The overall process
of dataacquisition and manipulation, demonstrated in a previous publication laythers [10]entailed
obtaining the 3D pointloud data using a FARO X330 scanner with 2 mm resolution and analyzing data
using Split FX software (®rsion 2.3, Split Engineeringlucson, AZ). The analysis identified joint
orientations and the virtual planes of rock mass discontinuities. The joint number was counted using virtual

scanlines from the 3D model.

Figure B8. 3D LIDAR image (point cloud) afection B [10].

The SCR parameter can be obtained simply by summing the rougfvgssilling (Y ), and

weathering Y ) ratings, which range from 0 to 6, as shown in T& In this study)Y andY were
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obtained using the 3D LIDAR image from Park e{HD,28] These values are shown in TaBI8.Y was
calculated from the Fisher K of each triangulated unit mesh syff@eandY was determined by visual

inspectionof section B.

Table B.2. SCR rating for GgR7]

SCR=Y+Y +7Y
Roughness \Fg?)Lygh Rough Slightly Rough| Smooth Slickenside
Rating (Y) 6 5 3 1 0
” Hard Hard Soft Soft

:-22::?5 ) None andThin andThick andThin andThick

6 4 2 2 0

. Slightly Moderately Highly

We_athermg None Weathered Weathered Weathered Decomposed
Rating (Y ) 6 5 3 1 0

Traditionally,”Y is determined by visually inspecting the degree of weathering in the rock mass in
accordance with the Inteni@nal Society for Rock Mechanics (ISRM) guidelifd. Consequently, to
estimateY for this study, the percentagetb& weathered and aperture areas was calculated as previously
noted andY was tentatively quantified by assuming a linear elation with the average percentage of
these areasSince’Y ranges from 0 (very weathered) to 6 (not weathered/intacthvérage percentages
wereconverted toY using Equation 5.

0 ©

: P
— 5
LY R o]

whereo is the percentage of the weathered abeais the percentage of the aperture area, and the constant
16.7 is the coefficient that was derived to convert thakgesfrom a percentage (0 to 100) to the range

of O to 6.

For section B, the estimad values of the constituent parameters andaBssummarised in Table

B3. The R_w at section B was <classified as #dAsligh
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chart in Sonmez and Ul usaybs st udtyai[n2e7d .f rNoonmi et hteh a

previous study [10].

TableB.3. GSI estimation using the advanced image processing technologies

Parameter Rating
0 6.9
Block Size Parameter
SR 46
Y 2
Surface Condition 2
Ratings (SCR) v 5
SCR 9
GSl 43

To assess the validity of this approach, a traditional visual inspection was conducted to determine
Y [2]. Based on this inspection, secton®Bsced A3, 0 i ndicating moderate w
required to understand why this result diffeesn the'Y of 5 obtained using the spectral imaging methods

described in this paper. These studies are recommended in the following section.

B.4. Conclusions and Future Work

This study proposed a quantitative approach for measuring the degoek mfissveatheringising
a simple, spectrandex classification algorithm, referred to as NBMS imaging. A simpleldamd ratio
was applied to deteate weathered and aperture areas. The weathered area was delineated using the
wavelength ratio of 601:550 nrand the aperture area was delineated using the wavelength ratio of 993:450
nm. Compared to a fubband hyperspectral imaging analysis, NBMS imggsuccessfully demonstrated

the potential of quantifying the degree of weathering. This quantified weathgasdlso applied to
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estimate the (modified) Turkish GSI by converting the percentage of weathered and aperture areas into the
weathering paramet,’Y , in the GSI system. The study results also showed the potential of applying the
guantified weatheringlegree using NBMS imaging to estimate rock mass strength. However, using the
weathered area percentage as input for GSI determination has sewiatibhs that require additional

study, as noted below.

It was assumed that the relationship betw¥eand the percentage tiie weathered area is linear;

however, it could be nonlinear. This relationship should be verified.

The weathering parametér , depended largelgn the threshold level in the thematic réaior
example, a higher threshold level wouldderestimate the weathered areas, resulting in hglhegs. The
threshold value should be stpecific for the GSI applicatioand consider the rock type, climate,

engineering purpose (e.g., mining industry and civil industry), etc.

TheY was influenced by uneven illumination conditions in the testing site. This problem was
alleviated by applying the adaptive threshold méthiod using an occlusion image mask; however, further

studies are required for various lighting conditions.

Rock mas weathering was quantified only from image processing technologies and therefore

captured only surface conditions; it did not considethiekness of the weathered zone.

To detect the specific features of clay minerals and delineate their distrilBMAR, spectrometry
is required. In this study, VNHRange spectrometry was applied for practical reasons, and the presence of

clay mineral§ amain factor in rock weatheridgwas not considered.
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C. Abstract

In the hardrock mining industry, the generation of fines during blasting is an important issue because
it has a significant effect on production processes. Althoughusdpproaches have been used to estimate
fines generation in recent decadesa practical matter, measuring the amount of fines is nearly impossible
given the technical limitations and the scale of mine blasts. In this study, a dynamic PPV damage model
was developed and applied to predict fines generation as a result of blaktsnmodified version of the
crushed zone model (CZM) considers dynamic rock properties and peak particle velocity (PPV), which
represents the induced stress in blasting. Dynaotk-fracturing tests were conducted using a Split
Hopkinson Pressure BaBKIPB) to determine the parameters that represent the relationships between rock
strength and strain rate as well as the relationships between fines amount and strain ratedelth® mo
case study was conducted that entailed determining the radiusavtiihed zone for given blast designs
and rock properties and then measuring the fines amount within this crushed zone. This case study indicated
that the dynamic PPV model can piger a rough estimate of fines generation for given dynamic rock
properties ad blast design parameters and that this method has the potential to be a useful indicator, or

index, of fines generation.
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C.1. Introduction

In a hardrock mine, the size distnlion of blast fragments is key to both productivity and
comminution efficiency because of its effects on downstream processes such as loading, haulage, crus hing,
and even grinding [1,2]. An undesirable biasigmentsize distribution may cause procesdays and
lower operational efficiency. In the case of excessively coarse fragmentation, secondary blasting may be
required a process that is expensive and potentially damaging to mine equipment because it results in
additional breakage and may likely prozk flyrock. An excessive amount of fines induces even more

problems:

A In hardrock mining operations, fines generate a sticky,-tikgymaterial that could attach to the
wall of tumbling mill, lowering its efficiencyThey also generate slime, causingédo efficiency
in the floatation process [3].

A In the aggregate industry, fine particles lower the quality of the product [4].

A In leaching operations, excessive fines reduce the permeability of leaching pad, thessimglow

its efficiency [5].

A Iniron o operations, fines interfere with the palletization process [5].

Estimating the amount (size distribution) of fines generated during blasting is difficult. Although
various approaches and technologies have been ngeddnt decades, estimating finesurately still
poses challenges [6]. One such challenge is related to defining the size of the fines, which depends on site
specific comminution processes. For example, in the aggregate industry, fines can be detnéces
that are smallerthan4mmn t hi ckness, or 1/ 5 of the specimends
ore and coal mines, respectively, fines can be defined as 6.3 mm and 1.0 mm [8]. Therefore, it is important
to define the size of thignes before investigating their geagon. In this study, fines are assumed to be

751000 em, the typi c-eotkimningd29dl@.pt ed size in hard
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Limitations of Technologies foBlast FragmentationAnalysis

There have been studies related to méaguhe amount (size distributionj fines generated by a
larges cal e mine blast. The traditional met hod of fra
distribution of fragment sizes directly. However, since this method is time consumitapanihtensive,
applying it to a lage-scale blast is impractical [11]. Alternatively, indirect methods, including observational
and empirical methods, have been applied. The most popular observational approach entails monitoring
blast fragmentation usiraydigital image processing systeratthan be mounted on an excavator, conveyor
belt, or crusher feed. Imagmsed fragmentation analysis offers the advantages dfmeaprocessing and
high accuracy [12]; however, its application for detecting fingrfrants is limited by sampling and ige
processing issues. The sampliedated issues are related to particle segregatfomer particles tend to
percolate and accumulate at the center of the rock pile [13], an area that cannot be captured at the Run of
Mine (ROM) surface. Image processingyrgnore the fines that coat the surface of coarse fragments; this
method is also unreliable because of its insufficient resolution for detecting fine fragments [12]. Although
higher resolution images would better dekte fine fragments, the large numbépixels increases the
computational load exponentially and decreases the delineation efficiency for coarse fragments because

more texture characteristics must be described on their surface.

Given these limitationdines estimation studies have focdsm developing prediction models based
on empirical approaches that produce rough estimates [6]. Currently, various empirical fragmentation
prediction models are avail abl e, formula[1b], thesmultipler s s o n 6
blastholefragmentation (MBF) model [16,17], and the KRam model [18]. In particular, the MBF and
Kuz-Ram models have been applied extensively for fragmentation analysis in both simulations and practical
studies. However, thesaodels are mainly used to analyzktigely coarse fragments, which approximate

the particlesize-distribution function, and have limitations for predicting fines generation [19].
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Existing Models forPredicting Fines Generation

To predict fines generatiofrom blasting, researchers have disiee crushed zone model (CZM).
This modified version of the KuRam model assumes that most fines originate from the crushed zone,
where compressive failure dominates [2,10,19]. The CZM defines the cylindrical area nobk is
pulverized and finely crired, as shown iRigure C1. During blasting, the rock mass around the blasthole
is immediately influenced by the shock energy and strain wave, generating the crushed zone. Tension failure,
on the other hand, is morerdmant at a farther distance, wheresgéminated fracture networks are created.
Compressive stress states store a significant amount of strain energy, and fine fragments are generated when
this energy is released. The initial state of compressive loadats Ito internal failures in resporse

micro-crack evolution and induces subsequent extreme fragmentation processes [2,20,21].

Blastholes in mining area

Figure C1. The concept of the crushed zone

The crushed zone index (CZI) model proposed by Esen [10] is a modified version @it
considers rock mass conditions and blasting behaviors. It is one of the most cited models for defining the
crushed zone boundary; however, it simplifies theiagpbck properties and rock mass conditions by only

considering the basic intact roskkength [9].
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As noted above, fines generation from blasting in a mine is, in practice, difficult to predict. In addition
to the crushed zones, fines originate from otfter sources in blasting: fracturing beyond the crushed zone
and the inherent rock raa structures [5,9]. Although tensile fracturing produde203imes fewer fine

fragments than compressive fracturing, a certain amount of fines is still generated! theyomshed zone,

where tensile fracturing is predominant [2,4]. In addition, therait rock mas$g which is defined by

joints, faults, alteration, and other conditidnis another major source of fines [5]. Therefore, the amount
of fines generated from largescale mine blast is impossible to measure if only the crushed zone is

considerd.

Nevertheless, this study focuses on crushed zones, for two main reasons. First, the crushed zone can
be controlled by modifying blast design paramétensle diameterburden, spacing, and explosives type.
Second, quantifying the amount of fines fronh @dssible sources is not necessary for the purpose of
alleviating the issues associated with fines generation from a mine blast. More helpful would be an indicator
(or index) that considers the effect of rock mass conditions and blast design paranmaeticting fines
generation. Consequently, work for this study entailed developing a dynamifietegreak particle
velocity (PPV) model and comparing it to the exigtCZl model. Although the new PPV model does not
account for complex field conditiors the entire fines volume, it still provides a very useful indicator for

estimating fines generation.

A DynamicNear-Field PPV Prediction Model

The radius of the cried zone can be determined using an analytical approach that is based on the
blast vibation. This vibration, which is generated by the detonation of explosives, propagates strain waves
into the nearby rock mass. The most common measure of blast vilisa@BN, the maximum of all of the
particle velocities in three dimensions. As the streave propagates, objects along its path receive a certain

amount of dynamic |l oading, causing damage if the
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Since blast vibration affects structural stability and human/animal perception, thetoegalathorities
impose limits on the PPV level. This level has been estimated/predicted bynaweth models at certain
distances from the blasting source accordingeweral factors: the amount of explosives, the distance

between the shot and monitoriageas, and sitspecific geologic conditions [225].

Sophisticated engineering efforts have led to the quantification of damage to the structure and nearby
rock masausing PPV levels [2&8]. Damage to the rock mass has been evaluated based on taé criti
PPV level, the threshold value for exceeding the strength of material. Kim [29] integrated the PPV model
with a rockmass damage model and used this new model torpestimate rock mass damage but also
to optimize fragmentation by controlling bladgsign parameters as part of efforts to reduce the energy

consumption of downstream comminution processes in arbakdmine.

In this study, a modified, nedield, PPV damage model was developed to roughly estimate fines
generation from blasting in afdrock mine. Although applying this approach to the crushed zone within
the neaifield range (close to the blasthole) is atypical, some researchers have attemptettifp gear
field damage using PRWased criteria in recent decades. Thefield PP/ model was first proposed by
Hol mberg [15] to understand the rock damage in a
was modified using strain and seerelationships up to 2 meters [30] and by measuring PPV up to 1 meter
from a single asthole [31]. Murthy [32] also predicted the néiatld PPV up to 1 meter at the field scale.
The linear relationship between measured PPV and distance ofiog Iplgt was found, and numerical

analysis verified the use of PPV at the near field [33,34].

For neaffield applications, it is also important to consider dynamic rock properties since rock
strength generally increases with strain rate [35]. Previous studies have not considered the strength changes
near detonation [2,389]. Consequently, the atued zone boundary (radius) can be overestimated (or
underestimated) if static, rather than dynamic, rock properties near the blasthole are applied in the analysis.

The degree of strairate dependency can be expressed as a nhominal and relative valumnithgestrength
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of the static condition using the Dynamic Increase Factor (DIF), the ratio of dynamic to static strength.
Fleetwood [40] was the first to address the PPV damage model based on dynamic rock strength under higher
strain rates. The modelusad const ant of #A70 as a DIF but overl oc

varies depending on the strain rate.

The near field, in this study, was defined as less than several in#terarea that greatly contributes
to dynamic rock failure and fine®meratio® and the dynamic loading effect was considered to quantify
the radius of the crushed zone and fines generation within the crushed zone. The dynamic PPV damage
model considers an increase in rock strength under high strain rates by experimiéyntahstthe DIF was

determined from laboratory tests using a Split Hopkinson Pressure Bar (SHPB) machine.

The ultimate goal of this study is to propose an approach for the rough and relative estimation of
fines generation by @l8) atepchiblasgrouadin afhdactk dhimex The fhddel o m 0t
developed for this study assumes that stress/strain waves witlinoeesional, harmonic motion propagate
through the rock media, and that properties throughout the crushed zone are homogenisot®picd
The authors acknowledge that this assumption may oversimplify the complemasskconditions and
wavepropagation behaviors that occur in the field. However, the focus of this study is simply to apply the
results of dynamic fracture experimewgbnducted using the SHPB into the process of estimating fines

generation during mine blasting.

Section 2 describes the procedure used to develop the dynamic PPV damage model using a
mathematical and experimental approach. Section 3 shows the re$altexfperiment and compares the
proposed model to the CZM. Sections 4 and 5 discuss the application of the model to the entire blasting

area and present conclusions and challenges.
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C.2. Measurement of Fines Amount Using the Dynamic Nedfield PPV Damage

Model

The PPV damage model was established for a single blaskiglee C2 illustrates the overall
processes and empirical and analytical procedures used to integrate the PPV pradidébconcept into
the modified CZM. This model defines the crushzede as a boundary of catastrophic rock failure and
crushing where the compressive stress (in this case, the stress induced by the blast) far exceeds the dynamic

strength of the rock. Model parameters were obtained using SHPB dynamic fracturing tests.

Dynamic PPV Model and Fine

Estimation Modeling Process
Experimental Approach

SHPB Test

v v

Analytical Approach | Dynamic Rock Strength Analysis | I Dynamic Fragmentation Analysis

Nearfield PPV Model and
Stress Wave Propagation Theory Obtain the relationship between strain rate Obtain the relationship between strain rate
and rock strength and fine generation

I I |

v
Derive a function of strain rate ) > Calculate critical PPV where induced Obtain the relationship between distance
based on distance form blasthole stress > dynamic rock strength from blasthole and fine generation
|
/ Boundary of Crushed Zone //
Fine Generation
from Single Blasthole

Figure C2. Dynamic PPV model and fines estimation.

Critical PPV for CrushedZone Measurement

The model uses an analytical approach to determine the crushed zone boundary. As a first step, this
entails converting the strainduced stress into a measure of the PPV to represent the blast vibration through
the rock mass. As noted above, this model assumeslio@msional wave propagation with a simple
harmonic motion and a PPV magnitude that is proportional to the maximum dtithi@ elastic wave

[16,17]. It ignores sitespecific factors such as local geological conditions, water content, and blast
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initiation/delay systems and assumes that the ground condition near the blasthole vicinity is uniform and

exhibits uniform charactegtics for wave propagation.

Strain, the ratio of deformation to material body length, can be simply converted to the relationship
of PPV to the elastic wave velocity. The maximum strain of blast vibration is therefore proportional to the

maximum PPV 3(], as showrin Equation 1:

TotT a6l o0 .. P
T_(br_o:hbuuaé_ 4

where,- = strain,’ @ ¢ displacement gradient, and = P-wave velocity (m/s).

The strain rate can be derived from Equati@s2
e 2]
0

where,- = strain rate (%) andd®= particle acceleration (nfjs

During blasting, the induced stress can be derived using the applied strand (dynamic elastic

modulus (E) and expressed by PPV as shown in Eqa&idr his study assumes tltlae rock mass exhibits

el astic behavior (a linear relationship between
. __Llw
» 03 003z [3]

whereO = dynami ¢ Yo u n,g®5Hstresasabjectdchahe elemem af rock mass.

S

The dynami c Ydoau nfgubnsc tmoodnu |l oufs P o i s sdaardbe simplified o ( 3)

by considering the typicali03[4mge of Poissonds r

0O 8§ I3 8 O [4]

Hence, Equation 4 can be reduced as:

at



88

, TBDO® I [5]

The rock will fail if the stress induced by blasting exceeds the critical level, or rock strength
The PPV corresponding to the critical level of induced stressllisd the critical PPV § ). From

Equation 5, the critical PPV can be calculated using the rock properties:

VW T® o (6]

whered @ = critical PPV, ang = critical level of induced stress (rock strefgth

Within the crushed zone, rock is assumed to fail mainly due to compression stress. As shown in
Figure C3, the radius of the crushed zone can be defined as the intersection between induced stress and
rock strength. Induced stress is represented asRhe & calculated in Equation 1, whose magnitude is
reduced by increasing the distarfcem the blasthole. The dependence of PPV on distance from the
bl asthole can be Bempiridal unsula.Mgeording o this Bronnldy BPV [debends
on a rock factor (K) and the square root of charge weight (Q), and it decreases by the cube root of the
distance from blasthole. If the rock strength is invariant with strain rate as the static loadin@motiditi
critical PPV would be also constant as tienpressive strength of roddowever, since the strain rate in
the vicinity of blasthole is considerably higher than the static loading condition, the dynamic strength of
the rock must be applied. The dmic strength increases with increased strain ratéch increases
exponentially as the distance from a blasthole decreases. As shduguie C3, the location of the
intersection under the static condition moves forward on the graph if dynamic sieeagptied; thus, the
radius of the crushed zonan be overestimated when the static rock strength is applied instead of dynamic

rock strength.
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Figure C3. The schematic graph for determining the crushed d@raeter.The intersection between the
dynamic rock strength aridduced stress (represented by PPV) can be defined as the radius of the
crushed zone.

Critical PPV and DIF

The increase in strain rate can be determined experimentally by conductingafraataring tests
using the SHPB. To normalize the variouskrdgpes and their deviation, dynamic rock strength was
calculated by multiplying static strength by DIF, a significant parameter in analyzing the stability of
structures under blasting and dynic loading conditions B}. DIF is typically a nonlinear funizin of
strain ratg35], and the critical stress () under dynamic loading can be expressed as Equation 7:

Y6 Y 6 & Q6 O LDMNQE Q

GV e~ oy, ooy A Ty o~ L 7
” YO 000 06¢&QQ0E OdOMmdPBQE Q [7]

To repreent the dynamic behavior of rock, one of the most popular and accepted DIF models is the
CERFIP model [8], originally developed for concrete structures under dynamic loading. The formula
consists ofwo bilinear functions: one for static behavior (ldsart the strain rate of 30*sand the other
for dynamic behavior (more than the strain rate of 30 Bhis study employs the CERP model as given

in Equation 8:
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where- is the static strain rate{5| is constant, and parameté@and; can be determined via dgmic
rock fracturing tests using an SHPB, as discussed in Section 3. Since the depehd#ain rate in the
static range is small and ignorable, DIF was ¢misidered under static loading conditions, meaning the
critical stress is the same with statitiaxial compressive strength (UCS). This study assumed that the static

strain rate{ ) and were constants as 30 x'18* and 0 (zero), respectively.

Therefore PPV; can be determined using the rock properties{, and static UCS) and strain rate
(- for the given parameters (andQ as determined by the SHR&sts. The radius of the crushed zone is

where the measurd®PVexceed$P\..

Fines MeasurementConsideringStrain Rate Attenuation within theCrushedZone

The size distribution of dynamic fragmentation depends on two factors: the fracturing crsieeter
of the rock and the strain rated]4 The relative size of the fragmentscdeases in power law as the strain
rate increases, meaning that many more fines are generated with closer distance to the bEsthsle [4
the first step in measuring theés amount at a certain point near the blasthole, the strain rate attehuation
that is, the relationship between the radial distance from the blasthole and the stdainasatgerived. The
strain rate at a certain point can be calculated using elastic prapagation theory30], as shown in

Equation 2, and simple harmonic motiol]j4as shown in Equation 9.

If the particle behavior upon blast vibration is assumed to follow the simple harmonic motion,

acceleration can be simply calculated as:
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w ¢33 WIQ [9]

where®is acceleration (mm#A, 0 is PPV (mm/3), and"Q= frequency(Hz).

Based on the PPV prediction modeB]zand Equations 2 and 9, strain rate attenuation can be

expressed as a function of distance from the blasthole, aw$diiom Equations 10 and 11:

- 1 at [10]
“ Q) 00
| coﬂJ—:D [11]

whereg is the attenuation rate,is the radial distance from the blasthole (in)s the rock transmission
factor, and) is the explosives charge wetdlkg). Assuming the propagating media are the same (that is,
rock properties are homogeneous), gtrain rate is inversely proportional to the cube root of the distance

from blasthole.

Kristiansen[47] found the linear relationship between fines get@napercentage and specific
energy. The fines percentage (volumetric percentage of fines froonusteed zone of a single blasthole)

can be calculated as shown in Equation 12:

%i 0 00 0 [12]

where%.is the volumetric percentage of fines generated in the Blast, is constant depending on the
compressive strength of theck, andd  is a constant related tbe velocity of detoation (VOD). The
%oprovides the percentage of fines generated at a specific radial distance from the blasthole. If the crushed
zone consists of a large number of voxels as showigime C4, %orefers to the volumetric percentage of

fines within a singt voxel. This value would increase linearly with decreadistance from blasthole and
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higher applied strain rate. The slope and intercept in Equatioa 12 (@and0 ) can be déved from

dynamic fragmentation tests conducted using thBESat various strain rate levels.

L\ Fine portion (¢)

Crushed Zone Blasthole

Higher €

xk__—/ Section View

Yez Ty Tez

Figure C4. Approach to quantify fines generation at the crushed zone.

The total amount of fines generation within the crushed zone can be calculated simply by multiplying
the weight of therushedzone rock mass and the fines percentdgerefore, the total amount of fines can
be derived by integrating all radial sectiorisaaylinder Figure C4) with the radius of the crushed zone,

as shown in Equation 13:

B c 10 Jol Qi
[13]

wherels is the total amount of fines generated from the crushed zone of single blaSikdiéasthole

depth,” is the densityf the rock, is the radius of blasthole, and is the radiuof crushed zone.

C.3. Experiments and Results

Information from dynamic fracturing tests, along with rock properties and blast design parameters,

can be used in the dynamic PPV damageleh (Equation 6) to estimate the total amount of fines from a
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singleblasthole. This section discusses how SHPB tests were used to derive parameters for ¢gmating

specifically, Qand; (Equation 8) andthé  and0  (Equation 12).

Split Hopkinson Pressure Bar

The SHPB is a standard apparatus for measuring dynamic material properties where the strain rate
ranges from 19 10° s'%. It corsists of a compression gas gun, striker, and two perfectly aligned steel bars
(incident andransmited). The bars and striker are made with 34dmmeter carbon steel that is hardened

by heat to endure a high loading rate. The detailed schematic sé¢tepSHIPB system is shownhigure

C5.
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," ........... “ ///
Kk P \ o
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[} ’
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Compression Test Sample [] % Pi=P> o
Brazilian Disc Test Sample {""" % Lo

-~ »
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Figure C5. Schematic SHPBpgparatus.

Rock samples are placed between the two steel bars, and the surface between the samples and bar is
lubricated. The striker is launched via compsgs air and its speed is measured using a-ldset
transmitter system. The striker impacts thadef the incident bar and the stress wave propagates through
the bar. When the stress wave reaches the other end of the incident bar, part of it propagateshe
sample while the remainder is reflected back to the incident bar. If induced stresdsestrength of the

sample, the sample breaks. The magnitude of the stress wave, which corresponds with the resistance of the
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sample, keeps propagating ke transmitted bar. The main assumption of SHPB tests is an equilibrium of
the stress induced at imsurfaces: the surface between the incident bar and the sample and the surface
bet ween the sample and PReé nopd@gwenth)hA saatessbubSHPH s e e
test satisfies the stress equilibrium and can be identified by the wafile from the incident / reflected /
transmitted strain gauge. If the stress equilibrium is satisfied, the transmitted signal and the sum of the
incident and reflected waves should be the sdg%. Figure C6, as an example, shows the energy balance

plot for a granite sample with the energy balance satisfied.
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Figure C6. Energy balance plot of a granite sample (In, Re, anstdind for incident, reflected, and
transmitted signal respectively).

In this study, tests for dynamic compressive and tensile strength were conducted using the SHPB
with core samples from two rock types: Coconino Sandstone and granite. The sample dias@femm
and the sample heights for the compression and Brazikanekts were 20 mm and 15 mm, respectively.

Both tests used 20 samples.
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For the SHPB tests, the strain rate was controlled by the gas pressure of the air gun and the velocity
of the stiker. Five different strain rates, impact velocities ranging frar255m/s, were applied to
investigate the effects of strain rates on rock strength. After the samples were broken, the aftermath
fragments were carefully collected to prevent secondamyrésiland were sieved using a vibrating plate.

Five sieve opening sizés4.76 mm (4 mesh), 2.00 mm (10 mesh), 1.00 mm (18 mesh), 0.30 mm (50 mesh),

and 0.15 mm (100 megh)were used to obtain a cumulative mass fraction plot (size distribution).

DynamicRock Strength (Qy Measurement using DIRModels
Baseline tests for statirock properties were initially conducted to compare the effect of applying

dynamic properties on fines generation estimation, shown in Table

TableC.1. Baseline tests for static rock propes.

Property Sandstone Granite
Dry Density (g/cm) 2.25 2.65
UCS (MPa) 115 192
Youngb6s Modul u 220 50.2
P-Wave Velocity (m/s) 3239 4858

The dynamic compressive strengths of the granite and sandstone were then measured using the SHPB.
FigureC.7 shows the relationship between rock strength dependency on strain rate using DIF. For the static
range of strain rate (less than 3,sDIF is asumed as a constant of 1, meaning that it remains the same
with static UCS. For the dynamic range ofstrrate (greater than 30)s the DIF trends were assumed to

follow the power law as suggested in Equation 8.
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Figure C7. DIF and strain rate.

The DIF models obtained for the granite and sandstone are as follows:

Granite

Sandstone:
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[14]

[15]

Using the parametefs andQobtained from the SHPB tests (Equations 14 and 15), the dynamic

rock strengths,() in the vicinity of the blastholes can be deteradirfor given static rock strength and

strain rates (which can be simply converted from PPV in blasting), as suggesStgaition 7.

Not ed

t hat

even though the

Coconi

no

Sandstoneos

C.1), the increase iDIF rate with increasing strain rate has a higher power coefficient than granite

(Equations 14 and 15). This indicatest the sandstone is more sensitive to changes in strain (dynamic

loading) rate and shows much higher compressive strength under dytoading conditions. Therefore,
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the test results illustrate the high potential of incorrectly estimating the finésatirig from the crushed

zone when static rather than dynamic rock properties are used to measure them.

Fines Measurement andtrain Rate

At the conclusion of SHPB testing, tattermath rock fragments were collected and sieved to analyze
the particle ge distribution. As shown irfrigure C8, the overall rock fragment size decreased with
increasing impact velocity (strain rate). It vedso obsered that the sandstone samples became more friable
than the granite samples as velocity increased, geneetingater amount of fines. This fits reasonably
well with the DIF models described above (Equation 15), showing the higher stresgtidefone under

dynamic loading conditions.

\Sqndstonej

-

5m/s 11 m/s

16 m/s 22 m/s

Figure C8. Rock fragments witharious impact velocities.
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Figure C9 shows linear relationships between fines percentage and strain rate. Because of the variety

of ways to defie fines, three sieve sizes (160n,

eBnPadd 100@m) were investigated in this study.

As strain rate increases, the percent passing of fines increases for all three sizes.
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In Figure C9, the slope indicates the fracturing dependency of the rock material on the strain rate,

with higher slope awespondindo higher dependency. The sandstone slope was almost invariant with sieve

(fines) size, changing only the intercept of the linear graph. In contrast, the granite slope varied with the

defined sieve sizeis was lower for the smaller sieves dnigher fort h e |

arger

ones.

Espec

the granite slope was almakiuble that of the sandstone, and granite produced fewer fine fragments at the

lower strain rate (less than 5008)sshowing its low intercept. Intuitively, the low intercept and higipsl

could mean that a certain amount of energy would be necessary to activate the nuclei-ofacicr that

eventually develop into visible fractures. Fines generation and rock type are discussed further in Section 4.

The linear models, shown in Equatib®, can be established simply using regression analysis. The

coefficients (

ando

and listed in Tabl€ 2.

) for granite and sandstone at three defined fines (sieve) sizes are calculated

TableC.2. 0 and0  for granite and sandstone.
, ) . Granite Sandstone
Fine Size ( 1)
Wrock Wexp Wrock Wexp
150 0.033 2.173 0.059 19.226
300 0.058 3.848 0.060 32.282
1000 0.114 15.986 0.058 47.934

In the CZM, it is assumed that fines are generated mainly fromrtiseed zone; consequently, the

model only considers the crushed zone in fines estmatince most fines are assumed to originate from

compressive/shear failures rather than tensile faill@#d9)]. To verify this assumption, the fines from

dynamic compession and tension fracture tests were measanedcompared irFigure C10. Fines

gerer ati on

from both

breakages

wa s

compared

by

with the kinetic energy (impact energy) of the SHPB striker. Dubddifficulty of calculating the strain

rate in dynamic Brazilian disc tests, the kinethergy of striker, insteanf strain rate, was used in this

t he
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study. The fines amount under dynamic tensile breakage was much smaller than that under dynamic

compressie breakage.

80%
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60% | o
e
o
8 ',,./
iT 40% | o
2 o
20% .
X
X -5¢ =X
0% X >e< l>< | | |
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Figure C10. Comparison of fines generatignl 50 e m) bet ween compressive

As shown inFigure C10, the tensile breakage produces onl¥®4% of the fines from compressive
breakage anthcrease rate (slope) is five times lower than that of compressive breakage under increasing
impact energy. Thus, it is reasonablegsiane that fines in blasting are generated mainly from compressive

fractures within the crushed zone.
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Determination ofCrushedZone Radii and FinesEstimation: A CaseStudy
The proposed PPV damage model aims tenias the radius of the crushed zone around a borehole
and estimate fines amount within this crushed zone. To verify the model, the radius of the crushed zone

wasanal ytically si mul at e d[1028,dvhiah 3 shpveninehd follewintggh Esen 6 s

i @ pd 506 [16]
e o D (17]
0 ()—0 e

wherei s the radius of the crushed zone (mm)is the radius of the blasthole (mm), is the shock
pressure inside of a borehole computed from hydrarchics (Pa)y is rock stiffness (Pa), andags static

UCS (Pa).

TableC.3 lists the rock properties and blasting conditions that were appli¢iti$ case study. Rock
properties were obtained from baseline tests, blasting conditions were cetefesm literature reviews
[10,23], and parameters such as frequency and borehole depth were obtained frommogkherithe in

southern Arizona.

TableC.3. Parameters for the case study

) Value .
Properties - Unit
Granite Sandstone
P-wavevelocity 4858 3239 m/s
Static UCS 146 115 MPa
Rock Properties Dynamic Young)ds 50.2 27.3 GPa
Dynamic Poiwsson6|0.184 0.217 -
Density 2656 2258 kg/m?
Transmission factor (K) 400 -
Frequency (f) 30 Hz
Borehole radius 0.1 m
, . Borehole depth 10 m
Blasting Condition - : .
Charging weight (Q) Emulsion: 377, ANFO: 252 kg
Explosive density [g] Emulsion: 1.0, ANFO: 0.8 g/cc
VO D [48] Emulsion: 5200, ANFO: 3200 m/s
Borehole shock pressurepjP Emulsion: 6787, ANFO: 2929 MPa
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The case study was implemented with two rock types, granite and sandstone, and two explosives
types, emulsion and ANFO. Crushed zonerimarieg(radii) were calculated as shown in Tald and
visualized using the Matplotlib library in Python, sisown inFigure Cl1. The plot shows that the
boundaries depend on the rock mass condition and properties. It also shows the radius ofstbe emul
explosives exceeding that of ANFO, since emuldiased eglosives have higher VOD and generate more
energy. Note that this case study considered strain wave propagation but not the effects of thermal and gas
expansion in the crushed zone. It also en#tk reaonable assumption that no blast energy is lost via
existing discontinuities since, under dynamic loading, the crack nuclei are generated mainly from
disseminated points of the rock mass rather than frorexsting cracks. The cracks developiuidually

from all disseminated nuclei, causing the higher strength of r@tk [2

TableC 4. Crushed zone boundaries using dynamic PPV, static PPV, and CZI models.

Rock Type Index Case of Emulsion (m) Case of ANFO (m)
I dyn 0.36 0.30
Granite st 0.55 044
fczi 0.29 0.21
I dyn 0.27 0.23
Sandstone st 0.57 0.46
I'cz 0.34 0.24

Since the dynamic rock strength increases with strain rate, the boundaries of the crushed zone
calculated using the dynamic PPV model are smaller than those calculatechasstatic PPV model in
Figure C11. Considering the DIF increase with increasitrgin rate in the dynamic PPV model produced
a crushed zone radius that was only about half of the static daiggiie C11. The results showed that the
radius depends singly on the dynamic behavior of the rock. For the granite case, the dynamicd#ié{/ m

estimates a crushed zone that is about 1.5 times wider than the one estimated using CZI model, as shown



in Figure Cl11(a) and-igure C11(b). For the sandstone case,¢theshed zone of the dynamic PPV model
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is slightly narrower than that of CZI mogleks shown ifrigure C11(c) andrigure C11(d)
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The total amount of fines can be estimated by integrating all fines generation from a cylindrical shell
component, from the blasthole boundary to the crushed zone boundary, using the dynamic PPV model, as
shown in Equation @&nd Equation 13, with the paraters listed in Tabl€.2 and TableC.3. This simple
simulation provided the volume and volumetric percentage of fines originating from the crushed zone area,

as shown in TablE 5.

TableC5. Fines volume and fines pertage out of the crushed zone area from simulation works.

Fines Size Crushed Zone | Fines Volume (n¥) Volume Percentage (%)
Rock Type w 3 X .

(1 Volume (nr) Emulsion | ANFO Emulsion | ANFO

150 0.16 0.10 4.29 4.09
Granite 300 3.76 0.28 0.18 7.57 7.21

1000 0.88 0.57 23.29 22.60

150 0.51 0.34 25.92 25.29
Sandstone 300 1.98 0.77 0.52 39.09 38.45

1000 1.08 0.73 54.51 53.90

These studies indicate that the granite was more competent and propagegddtensive strain
waves than the sandstone, generating the higher induced stress and larger boundarie$ghoe/Ciil.
Howeve, this did not necessarily mean that granite produces more fines than sandstone, as shown in Table
C 5. More studies are required to investigate why sandstone produces more fines. Hoisewated that,
under quasstatic loading, only a fewdominantcracks growing along the shear lines are activated and
participate in the fracturing process. The flaws grow and coalescence until the stress level reaches the
maximum resistance of the set of growing flaws. This process results in fewergbutflagnents because
of a small number of contributing flaws. Under dynamic loading, on the other hand, the loading duration is
insufficient to concentrate and coalesce into dominant fla&s [ large number of spread nudei
inherent flaws or porésareactivatedand grown, participating in the locally distributed fracturing process

[44]. Thus, the fracturing process under dynamic loading produces comparatively smaller fragments and
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requires a much higher energy threshold for material fail@#e The aithors bakve that the difference in

the fines amount is closely related to the energy threshold at each rock type.

Unlike the CZI model, which addressed the uniform generation of fines throughout the crushed zone,
the proposed dynamic PPV model founidiaction for fines generation according to the distance from the

borehole by rock type.

C.4. Discussion and Future Works

Field Application
The total amount of fines per shot can be estimated by simply multiplying the number of holes in the

shot and the peentage bfines within the crushed zone per hole, as shown in Equation 18:

vorr s J1E @B A Qo P"O0Q¢ Q
P Yé 0'dAE @ o [18]
For exampl e, assume that todaybés shot CBifcl udes

the total volume of the blted rock is 36,000 fnand-1 mm fragments are considered fines at this mine,
then the percentage of total fines can be estimaseshown in Tabl€.6. Note that, in this study, the
influence of nearby blasthole detonations was not considered sincstdredibetween holes (burden and
spacing) in a mine blast is usually much larger (>3 m) than the radius of the crushed zanénfapgly

0.110.4 m). This effect is assumed to be limited and therefore can be ignored when estimating fines

generation.

Two main factors are considered when calculating the total percentage of fines generation: the size
of the crushed zonef a single kasthole and the fines volume percentage (conversioféitees) within
this zone. Both factors are independent and notyslyweoportional. For example, the sandstone listed in

TableC.5 has a much higher percentage of fines within the crushed zangrérate (e.g., 43.82% vs.



23.29% f

or

t

he

emul si on case

i n

Tabl

e

5) .
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hHowever

depends on its dynamic response, is much smaller than that of granite®(ts98i76nd). Therefore, the

total percentage ofrfes did not differ substantially between sandstor20®6) and granite (0.23%) in

TableC.6.

TableC.6. Estimated volumetrifraction of fines generation.

Total Fine Percentage (%)
Rock Type ,

Emulsion ANFO
Granite 0.232 0.158
Sandstone 0.299 0.201

In practice, fines from the crushed zone can be roughly controlled by changing the blast design

paramete® burden, spacing,die diameter, explosives type, etc. For example, using a larger hole diameter

for fewer blastholes with a wider burden apécing could generate more fines than using more numerous

smallerdiameter blastholes with a shorter burden and spacing, a desigiff¢ins better energy distribution.

The smaller hole design may be economically beneficial when considering theadftdats fragmentation,

especially fines generation, on downstream comminution processes. The volumetric fraction of total fines

suggeted in this study could be a useful index to understand and control fines generation at each blasting

round in a mine.

Fines Generation andRock Types

This work builds on the relationship between strain rate and the mass fraction oFiguze C9).

The results revealed that the trend of fines generation by strain rate depends on the defined (sieve) size of

fines and rok type. The different slope (dependency) at each rock type could be caused by many factors,

but is believed to be due to the differenim microstructures of the rock: granites consist of coarse,
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polycrystalline minerals and sandstones consist of weakheoted silicate particles. At the beginning of

dynamic loading, the crack nucleation and activation depend greatly on the numbeerehirflawé

pores, cleavage, efcand their distribution in the rock [44]. Most cracks in granites develop at the
bounda i es of each crystalized grain [4], at a size
expansion coefficient differs betweeach mineral particle [50]. Hence, granite could exhibit more strain

rate dependency if fines sizes are defined moreseba(10003 000 € m) . On the other
consists of weakly cemented grains, and multiple crack nuclei might occur from the numerous pores. For
sandstone, the disseminated crack nuclei break the weak bonds between silica grains, which are
approximately 802 00 em in size for Coconino Sandstone [51

fragments than granite at smaller defined fines sizes 8800 ¢ m) .

Challenges and Future Works
The proposed PPV maodel simplifies the complex blast vibratiorfragohentation physics based on
assumptions and empirical approaches; however, practical applications of this model pose several

limitations that warrant further study.

First, rock fracturing from shock loading via explosi¥eshere the pulverized areadigust a few
centimeters from the blasthdlés governed not only by simple straiate propagation but also by

thermodynamic mechanics. This study only considered rock failure (fracturing) by strain wave.

Second, PPV is a vibrational response to the imegratrain wave. Its magnitude depends on the
mechanical characteristics of the rock mass, such as stiffness and frictional properties, as well as the
characteristics of strain wave. This study assumed that the rock mass characteristics of the crushed zone
were homogeneous and isotropic, and the PPV followed the slagteeof-freedom simple harmonic

case based on Lucca [52] and Yang [17,30,53].
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Third, this study proposes using the PPV damage model to predict fines generation from a single
blasthole anthen simply summing all of the fines to determine the total based on conventional blast designs.
However, controlled blast designs can induce significantly different results. For example, a shorter burden
(or decoupled charge) could generate more fingsaltnventional charge design because it could produce

more micrestructural cracks due to the mutual reinforcement between adjacent detonations [54].

Fourth, estimating PPV in the near field (within a meter) is extremely difficult; direct measurement
technologies are nonexistent due to the risk of seismograph damage. Currently, the only approaches for
estimating PPV are theoretical or empirical (such as the Holatbengson model) or, as is the case for this
study, they involve extrapolating the fiield model. Note that, although still premature, the fsghed
interferometric radar sensing system [55] or seismograph sensor networks [56] would probably capture the
sufficient resolution required for mapping PPVs in the future. This methodology coukkbtdaiverify

the PPV model in the near field of a blasthole.

Based on these limitations, future investigations would best focus on two main goals: robust model
construction at the laboratory scale and verification at the field scale. Additional lap@apa@riments
could be conducted using different rock types to characterize the dynamic fracturing behaviors depending
on the rock texture. Conducting more iterations under various dynamic loading conditions would help
produce a model with higher statigticeliability. Likewise, verifying the model results at an actual mine
site will be key to field applications. Several challenges must be overcome to gratinthe fines
generation after a blast (rather than estimate this fromdghgbution functims). Verifying field
fragmentation will require meticulous sampling of fines from the blast muckpile as well as frequent image
collection/analysis during the loading and hauling processes. To verify the crushed zone, technologies such
as highspeed interfmmetric radar or an airborne higpeed camera may facilitate direct measurements

of strain wave propagation and the crushed zone radius.
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C.5. Conclusion

This study suggests a new appraachdynamic PPV damage modeio estimate fines generation.
Previols approaches are limited in their ability to describe how the breakage energy attenuates by the radial
distance from the borehole where rock is crushed and fails under dynamic loading. The new model
considers blast vibration (PPV, representing the indwtexss) and dynamic rock properties (loading
conditions). This study compared the crushed zone boundaries derived from the dynamic PPV, static PPV,
and CZI models and presented a case study for estimating the volumetric fines percentage with given blast
design parameters and rock properties. The results show the high potential for the dynamic PPV model to
be a useful indicator, or index, to estimate fines generation in blasting. Such an index provides a tool that
the mining industry can use to roughly cahtor predict the fines amount by changing blast design
parameters and rock properties, ultimately improving the energy efficiency of downstream production

processes.
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D. Abstract

Mine talings storage facilities (TSFs) can be a significant source of fine, respirable dust. This dust
poses concerns, especially for nearby communities, because of its detrimental impact on respiratory health.
To address #se concerns, this study examined éffectiveness of commercially available polymers,
known for their biocompatible and environmentally friendly features, to prevent dust generation from
upstreantype TSFs in active ming operations. It focused on two areas in TSFs: the tailings beach and
slope/dike surfaces. Two types of polymi&ngolyethyleneglycol andpoloxamed were selected, and their

effectiveness was evaluated in a series of phased laboratory and field tests.

The lab tests investigated the moistuetention capacity of the tailingdter treatment with the
polymer solutionss well aghe ability of these solutions to reduce dust emissi@olymerswere applied
to a tailings bed surface in the lab and dust wasrgatefrom this surface using a wind tunnel. PM10 and
PM2.5 concentrains were measured using lasiffraction dust sensors, and the polymers were found to

have reduced dust emissions up to 95%.

Smaltscale windblowing tests were conducted in the figdgecifically, in a controlled environment
at a TSF) to evaluate polyneffectiveness othetailings beach and slope/dike areas. The tests revealed
that the AP could efficiently suppress approximately 80% of PM10 and PM2.5 dust emissions at both types
of areas. Finally, 1000 gallons of AP solution were discharged at phef tailings beach and slope/dike
areas, respectively, and found to be effective. The results of these tests showed the high potential of the
biocompatible polymers to be a feasibleusioin for reducing the respirable dust emissions from upstream

TSFs inarid and semarid regions.
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D.1. Introduction

Tailings are a byproduct of hardck mining operations. They consist of the fsired powder that
remains after valuable minerals adracted from the rock. In the U.S., mines produce over 1 millian ton
of tailings daily. These tailings are stored in large embankments that can become a source of air
contamination to the surrounding environment and nearby communities. When suspemngeditiles or
dusts travel ofkite, residents can directly inhakeetn or indirectly involve them in deposition onto soil or

living areas.

Respirable sizes (<10 @ of tailings dust, primarily composed of quartz or free silica {fHi@ay
cause siliceis, chronic pulmonary disease, bronchitis, collagen vascular diseases, and chronic
granulomatous infections [1]. TSF dust maydignificantly more deleteriouso human health and the
surrounding ecosystewhen associated with contaminants originatingifreineral extraction processes
chemical additives, metals, and metalloids [lists from natural sourcesuch aglaya or desert area
posea lower risk sincethey contain relatively low concentratisrof contaminants however,silica-
containing dustsanstill negatively impact public healfB,4]. TSFs in an active mine are known to be one

of the most detrimental dust sources to human health and the enviroamshown ifrigure D1.

TSFs are also known to contain more respirable duststitaralsands [5]; about 25% of the mass
fraction of tailngs from a hargock mine consists of particles of a respirable size [6]. Because of the
pathological effects ofsspirable dusts on human health, the U.S. Environmental Protection Agency (EPA)
has progressively addressed regulations based on Nationaimlr Quality Standards (NAAQS). The
NAAQS limits the concentration of particulate matter under #QPM10) to 150 “T& and under2.5 &
(PM2.5) to35° Th based on 24 hours of exposure [7]. Many researchers heasured PM10 and
PM2.5 concentrations to identify the health effects of respirable dusptdation from mining activities

[8-11]. For communities locatad arid and semarid area, where dust storms are frequgtite transport
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of TSFdust may be of articular concern because of its high erodability and finer mean patrticle size [12],

which facilitates travel up to hundreds of kilometers
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Figure D1. Various natural and anthropogenic dust sources and their potentialtodiksman health

[2].

Sources of TSF Dust

This study focuses on dust generation framactive upstreartype TSF,the most popular type in
the worldbecause of itsimple construction and cost benafiDust from activeupstreanil SFs originates
from three mainsourced the tailings beach, slope/dike areas, and haul dadsshown irFigure D2.

This studyexaminesiusts from tailings beach and slope/dike areas.

The tailings beach area generallya primary concern fol SF dust control [13]Beaches extend
from a discharge point (or spigaigar the dikéo thedecantpond, over lengths afp toseveral thousand
meters. i is important tananage the distance betweenltieachand discharge poind control thephreatic
(water) surface and ensstability in upstream TSF©nce the tailings slurry is discharged, segregation
occurs, and coarsertsihaterials are deposited close to the spigot while finer clay materials are deposited

near the pond area. When the moistarthe tailingsevaporate and the phreatic surface drops, the beach
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surface becomes dry and susceptible to wind erosion [14]atticglar, aeolian processes such as
aerodynamic entrainment and saltation bombardment actively suspend tladifigedust particles from
the siltdeposited area in the beach [13]. In addition, desiccation cracks generated at the beachlsoea are

asignificant dust source [14].

Tailing Beach

Figure D2. Three main dust sources in upstretype TSFs. Note that this studiyes not consider dust
control for haul roads.

The slope/dikareasn anupstream TSEonsist mostly of coargearticles, which can be susceptible
to wind erosion once drigfd5]. For safety reasons, most upstretype TSFsare designed to keep the
beachzones at a distance; however, this credtisd zones and generates dust. Curretitly mining

industry applis commercial dust suppressants on the dike/slope.
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Current Dust Mitigation Methods

A Variousmethods have been used to mitigate desterabn from TSFs [16]:

A Spraying water on the dust sources

A Physically covering the dust sources with gravel, soil,ather synthetic materigl
A Stabilizing the dust with vegetation or employing phytostabilization methods

A Stabilizing the dust using chemical gugssants

Spraying water guarantees a certain level of dust suppressant with minimal effort; when liquid (water,
chemicals, liquid polymers) penetrates into the voids of dust particles, it increases capillary forces and
interparticle bonding [17] and premts the suspension of fine particles in the air [18]. However, spraying
requires large amounts of water, a burdie mine operations in arid and seanid areas. In addition, the
effectiveness of spraying is shdisted due to high evaporation rates. Fbglly coveing the TSF or

stabilizing it with vegetation is only feasible for inactive or closed facilities.

Applying chemical agents has been the most efficient way to supfuessom stockpiles, haul
roads, and active / inactive TSFs; howeweginyof thecurrentlyusedagentgposeenvironmental concerns
andare economicallynfeasible[19]. For examplehygrascopic chemicaf such as magnesium chloride
(MgCly) and calcium chloride (Cagé are used most commonly because they attract and hold the moisture
in the air, thereby enhancing the moisture retention capacity of the ground [20]. However, they can
accelerag corrosion in mine machinery and negatively impact nearby vegetation andesaigrces by

increasing ground salinity [21].

Various synthetic and natural polymers have hegastigated recently to find environmentally
friendly, costefficientdust suppessants for TSFs. Synthetic polymers, such as acrylic polymers, have been

popuar for stabilizing mine tailings. They form a crust over the top [22] of the surface. Ding et al. [23]
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found that bauxite tailings treated with an acrylic polymer exhibit nveater retention, penetration
resistance, and wind erosion resistance. Thisnpetyis also effective on wind erosion of fine desert sand
[24]. However, it forms sodium sulfate, which can

the crust & in wet-dry cycles [22].

Natural or biopolymers occur in nature or can bdraeted from natural sources that are
biodegradable and environmentally friendly. Recently, researches have targeted biopolymers such as
xanthan gum and guar gum [16, 23] to \@otheir effectiveness on dust suppression in TSFs by

implementing a series ¢dsts (water retention, penetration, wind tunnel, strength, etc.).

Biocompatible Polymers

The objective of this study was to investigate the efficacy of biocompatible polyhagrexhibit
| ower toxicity to ani mal s anmdmerutnmaalnlsy afnrdi ecnadnl yboe |[c
study, two biocompatible polymérspolyethyleneglycol (PEG) angoloxamer (PLX$ were selected and
tested to examin¢heir efficiency and fasibility. A new spraying technology was alsvaluated for
controllingdust gaeration froma TSF beach. Note that tlpatent process is currently underway for both
polymers for dust contralse(Provisional Patent U.S. Application No. 62/571,146) foranew spraying

systemto applythe polymer on the TSF beach. This study wagldd into two main phases:

A Investigating the potential of seted polymers as dust suppressattthe laboratory scale. This

phase included a polymer and water retentionaiedta benclscale wind tunnel test.

A Performingfield tests (smadland largescale)with the selected polymer. This phase entailed
spraying the selected polymer solution oa thilings beach at a TS an operating midized

copper mine anchimicking the new spraying technology.
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D.2. Experiments and Results

Biocompatible Polymers and Testing Sites

Two types of biocompatible polymérgolyethylene glycol (PEG) and poloxam@&LX)d were
examined to assess their potential as tailings dust suppressartabdimbss. PEG consists of a long chain
of ethylene oxide and a hydroxide tail, which is classified as hydrophilic polymer (HP). PLX is a nonionic,
triblock amphiphilic polyme (AP) consisting of two polyethylene oxide blocks on both sides of

polypropylere oxide chain.

A series of testwere performed with samples collected from TSFs at an-pjpeopper mine in
Arizona. The climate of the study area is classified as a-aaiwith 632.5 mm of average annual
precipitation from 2012018 [27]. The windspeed in this region is relatively higher than typical urban
areas: average 12 km/h and maximuri4Zbkm/h [27]. A community that lies only 1 km from the TSFs,
along the domiant wind direction, has been affected by the dust generated from exploitaivitieacat
the mine [11]. A Il arge portion of this | ocal c¢commt
sensitive to particulates. According to historical datan an air quality monitoring station operated by
Pima County Department of Einonmental Quality from January 201&ugust 201820 months) levels
of PM10 have been elevated over 15@% on 15 days and levels of PM2.5 have been elevated over 35
‘ TH on5days[28]. Csavinaetal. [11] found, however, that the average dust concentration under various
wind speeds near the study area was as high 42000 T for PM10 and 50150° "(¥a for PM2.5,

depending on the location of measurement station.

Two types of tailings samplegerecollected from the testing site. Fresh tailings were sampled from
the pumping system near the thickeners (whereatlrmg occurs just before tailings ar@nsported to the
TSF), and dry tailings were sampled from TSF beach areas. Fresh tailings have 45 wt% of solid density and

dry tailings have 11.9 wt% of water contents. The average particle size of the tailinghifronine is 120
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“m and he primary component (65%) is quartz or free silica §5[@9]. The dry tailings were used to

create the tailings bed and the fresh tailings were used to discharge the tailings and polymer mixture.

Water Retention Tests

Initial testswere conducted tovaluate the moistureetention capacity of the tailings after treatment
with the polymer solutions. The higher moisture content generates capillary effects between tailings
particles; this enhances the interparticle bonding force andrates less dust(Qp Five samples were
prepared. For each, 150gdfedtailings was saturated with 25ml of water only or with a polymer solution

(2% and 10% each of HP and AP).

Moisture content was determined using capacitivensoisture sensors,hich measure the detric
constant of the tailings, an electrical property that relies largely on moisture content [31]. Water content
was measured for 100 hours as showhRigure D3. Note that the sensor only records changes in water

contend not chanegs in the polymer.
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Figure D3. Changes in relative water content with exposure firhe.reference value of the relative
water content is set when the surface water evaporated.
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The water content of the ndareated sample decased théastest, reaching a 30% reduction after
100 hours. Adding the polymer solution increased the watention capacity, particularly for the AP
solution: water content decreased only 4% when 2% AP solution was applied, and only 2% when 10%
soluion was appéd. The HP helped the tailings retain more water, but not as much as the AP. Increasing
the water content in tailings increases the interparticle bonds, promisirntelomgffectiveness for dust

mitigation.

UV Resistance Test

Resistance toltraviolet (UV) light is essential for the lontgrm performance of the polymer under
sunlight exposure. UV radiation could break the polymer structure and dégreffieiency. The effect of
UV light on the structure of the polymers was investigatedguklV-A (wavelength of near 3§0ight
emitter. To test this resistance, 5 ml of the polymer was added to the tailings surface and this surface was
exposed under WM light for 2 weeks. An attenuated total reflectarféeurier transform infrared
spectroscopyATR-FTIR) analysis was performed on the treated surface three times: before exposure, after
1 week of exposure, and after 2 weeks of exposure-RTIR indicates the types of bonds on each sample

based on their absorbing wavelength and trétesnce.
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Figure D4. Relative transmittance versus wavenumber by FTIR analysis of HP(a) and AP(b).

Graphs of relative transmittance vs. wavenumbebdoin AP and HP on the treated tailings surface
are shown inFigure D4. Neither polymer showed remarkable changes in either the magnitude of
transmittance or the peak locatiofégure D4), indicating thathey are sufficiently resistant to UV light,

at least after 2 weeks of continuous exposure.

Bench-ScaleWind Tunnel Test

For over six decades, the wind tunnel has been one of the most viable approaches to simulate the
characteristics of surface erosiamdaheaeolian process of dust emission [4]. The objective of this wind
tunnel testwas to simulate dust emsisn from a tailings beach at the study area under extreme wind

conditions. Airflow in the wind tunnel was generated by compressed air, and tdutywelas set as
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approximately 40 km/h based on the typical maximum wind speed recorded at the studgfieetvely

measure how the polymer solutions can increase the resistivity of dust emission from the tailings surface.

To investigate the erodibiji of the beach surface under repeated gusts, the beach was subjected to ten
rounds of fAwi nednth.loo vwE aacnhd rsoeutntdl eemast ed 1 minute and

and 57 seconds of dust settlement.

Tailings samples were prepared for thenchscale test from the active TSF. To mimic field
conditions and the new spraying methtitg tailings bedvascreated first and the slurry (with polymer
solution)wasdischarged on tofo construct the bed, 20@0of dried tailings powder was contaihie an
aluminum tray (43 x 31 8.5 cm) and mixed with 500 ml of water. The mixture was dried®8rhours at
40°C, and the100 ml of fresh tailings was initially spread on top of the tailings bed. An additional 200 mi
of fresh tailings wadhen applied on the surface with varying solutions of AP and HP polymer (0.5, 1, 2, 5,
and 10 vol%). Each sargowas dried at AC in a digitally controlledbvenfor 2 weeks, and dust generation
from the surface was investigated using the wind tunnel asrshioFigure D5. The dust was detected

using an SD921 sensor and recorded by Raspberry Pi.

Raspberry Pi

Dust Sensor u

A Air
Filter

Figure D5. Wind tunnel test setup.

Wind Source

The tailings bed was placed on the slope to easily suspend the dusts mitqFigure D5), and

PM10 and PM2.5 concentrations were measured at the ceiling usiBp8@21 sensor, which emits a
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laser and interprets the particle size and concentrai@muiffraction. The data was sampled at 1 Hz with
the precision of 1 "T& . Note that using a dust sensor offers multiple benefits over measuring the weight
loss [16, 23] or thickness reduction [32] of the tailings bed in the wind tulitiidle beach surface, tailings
areconsolidated and settled lwyater, which creates a relatively hard crust at the outer surface when the
slurry dries. Respirable dust suspension (common in particle sizes less immadée predominant tha
particle saltation (common in particle sizes of 500 [33] in this case. Thus, the weight loss by the tailings
beachmight be extremely minor, requiring\eery precise scale and evaporation control for measurement.
On the other hand, a semsould easily detect the suspended dust particles in a shertRurthermore,
sensors are portable and flexible enough to measure dust generation in tablorderyand thefield.

The measured value is compliant with EPA regulations.
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Figure D6. Windtunnel test redts for various HP and AP concentrations:
(a) PM10 dust concentration; (b) PM2.5 dust concentration.

Figure D6 showsthe relationship between the polym@tP and AP)concentrations and dust

generation from the tailing®ed surfacé specifically, it showsthe peak PM10 and PM2.5 dust
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concentration versus the various HP and AP polymer concentrdtaomg).1' 10.0 vol%. Tle average dust
concentratios for PM10 and PM2.50f wateronly treated samptewere 442.2° Th and 84.8
“ "TH respectively. The dust concentration decreased until 5% of polymer sautibbothPM10 and

PM2.5 showed similar trends; howevar the0.1i 5% range, AP performed better than H¥most 95%

of dust generatiofPM10 and PM2)pwas reduced by the 5% Asvlution. However, at the 10%
concentration, the dust concentration bounded up fdr HBt and AP. This effect may be a limitation of

the laser diffraction method, because it is unknown whether the detected particles are from the tailings or

from insolublepolymer particles at the top of the beach surface. More studies are requiredrindetiee

cause of this.

Small-ScaleField Tess
Before performing a largscale test, sma#icale field tests were conducted atraactive TSF at the
study site. The dbctive was to investigate dust generation from the tailings beach and slope/die area
under the same conditisas the TSF at thiestingsite Six raised garden bed frames (90 xX920 cm)
were installed othe TSFto create the tailingseach fFigure D7(a)). Beforeplacing the frames, the top
surface of the testing site waemoved. To mimic the new spraying techno]®liters of fresh tailings
were discharged inside the raised garden and water was allowed to drain into the grouhddor Mext,
1 liter of fresh tailingswvas mixed with various amounts tife polymes and appliedas follows: fresh

tailings only (as a referendéer comparson), 2% and 5% HP solution, and 2% and 5% AP solution

The tailings were allowed to dry for 2 vkee No precipitation occurred during this period. Wind
blowing tests were then condadtusing an electric blower to measure the PM10 and PM2.5 generations
as showrin Figure D7(b). The wind speed was set at the same level (40 km/h) as for the labaiathry
tunnel testand he SDS021 dust sensor was used to measure the PM10 and PM2.5 concentrations. To

examine the longerm performance othe polymer solutions as a surface stabiliZd windblowing
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rounds were conducted, each consisting of 10 seaufrillswing and 50 secwls of settlement. Because
dust had migrateérom external sources during the drying process, measurements were hightlaeiring
initial rounds. However, after two or three rounds, the dust measurements became stable, reflecting only

thetreatedsurface cheacteristics.

(@)

(b) (€)

Figure D.7. (a) Six raised garden frames located at the inactive TSF in a study mine, ()laxntests
on the dried tailings in the raised garden, and (c) wiralv tests on th&ilings slope/dike




































