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ABSTRACT 

 In the modern mining industry, sustainable mine operation becomes an inevitable option. Facing 

lower ore grade, more complex ore deposit, unstable commodity market, and strict regulations, mining 

corporates must find the solution to make their portfolio economically attractive. One of the biggest 

challenges for mine operation is how to improve operational efficiency under the circumstance of high 

uncertainties. These higher uncertainties originate from the variability of geological material and human 

intervention in the decision-making process. Advances in technologies allow the mine to operate under 

more environmentally friendly and socially responsible scenarios within a scheme of process optimization 

and cost-reduction. This dissertation investigates some innovative technological applications for 

sustainable mining operations. Four specific aims are closely connected and integrated into the dissertation 

within the boundary of two perspectives: 1) technological applications for economic sustainability based 

on Mine-to-Mill optimization and 2) environmental application for socio-ecological sustainability by 

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

The first article Use of drilling performance to improve rock-breakage efýciencies: A part of mine-

to-mill optimization studies in a hard-rock mine explains a part of the ore characterization stage, rock-

breakage characterization, in the Mine-to-Mill optimization scheme. This study proposed a prediction 

model of rock-breakage characteristics such as tensile strength and Bond Work Index (BWI) based on 

blasthole drilling 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 prediction models for rock-breakage efficiency 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 second article Quantification of rock mass weathering using spectral imaging illustrates a part 

of the ore characterization stage in the Mine-to-Mill optimization scheme in terms of rock mass structural 
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characteristics. This study proposes an innovative method, narrow-band multispectral (NBMS) imaging, to 

quantify the expected hazard on mine slopes. This study aims to delineate the weathered area of the rock 

mass, which has been considered as an important factor in slope stability and blast fragmentation. Based 

on the band-ratio approach with visible and near-infrared (VNIR) hyperspectral imaging, the best 

configurations of spectral bands were determined. The quantified weathering level from NBMS imaging 

was integrated into the pre-existed rock mass rating system such as the geological strength index (GSI).  

The third article Estimation of Fines Generation in Blasting Using Dynamic rock properties and 

Near-Field PPV Damage Model addresses a simple quantification of fines generation in blast fragmentation. 

This study proposes an approach to evaluate the size of blast fragmentation based on strain wave 

propagation theory and dynamic rock properties. The finer blast fragmentation was assumed to be estimated 

from the crushed zone model (CZM) where the rock is failed by excessive compressive stress. The volume 

of fines generation under the four different scenarios by rock and explosive types were calculated based on 

the Split Hopkinson Pressure Bar (SHPB) experiment and the proposed Near-Field PPV model. This case 

study indicated that the dynamic PPV model can provide a rough estimate of fines generation for given 

dynamic rock properties and blast design parameters. The fine prediction using the PPV model would be 

practical in that it uses PPV, the most common measure at the mining site.  

The fourth article Tailings Storage Facilities (TSFs) Dust Control Using Biocompatible Polymers 

describes technological innovation that contributes to sustainability in the environmental sector. This study 

examined the effectiveness of biocompatible polymers as a dust suppressant on various sources in 

upstream-type TSF of an open-pit copper mine. From a laboratory wind tunnel to field-scale blowing test, 

three different scales of experiment observed that the amount of dust generation when applying the polymer 

has been significantly reduced. The results found that the biocompatible polymer reduces up to 90% of dust 

generation and reduces the volume of desiccation cracks significantly.  
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INTRODUCTION  

Sustainable development and operation in the mining industry has been a major concern for a wide 

range of stakeholder groups owing to its huge impact on environmental and socio-economic entities. There 

have been many efforts for sustainable mining operations, such as corporate social responsibility and social 

licensing, and industrial development self-regulation policies such as the Sustainable Development 

Framework [1]. Given the non-renewable nature of mineral resources and the importance of revenue in the 

private or public sectors, efficient use of resources for industrial sustainability and development remains a 

key issue. The 27 guidelines for the sustainable development in mining context was addressed at the 1992 

Earth Summit in Rio de Janeiro that was represented by 172 governments and 2,400 non-government 

organizations. These guidelines are divided into three main categories: 1) social development with safety 

at the workplace and community development, 2) ecological protection of natural resources and 

environment, and 3) cooperation and integration of technical and economic activities required for economic 

growth [2]. These guidelines have implicitly driven mining companies towards investing in technology 

development. Advances in technological innovation can help to sustain production activities under harsher 

conditions and more restrictive regulations. The technology innovations for sustainable mine operation 

involve 1) the implementation of a safe and efficient mine planning strategy and 2) the introduction of 

cleaner technologies and sound environmental management tools [3]. The four sub-topics included in this 

dissertation describe the sustainable operation of the mine from the two aforementioned 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 materials and human factors. Geological materials such as rock mass generally exhibit high 

uncertainty due to the complex processes of their formation and interaction with the external biosphere and 

atmosphere. The geological condition can particularly be more variable throughout the mine-site where 

various alteration zones are generated by hydrothermal fluid and magmatic reaction [4]. For this reason, it 
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has been extremely difficult to exactly predict the mechanical ore characteristics that can significantly affect 

the mining efficiency. Unlike manufacturing and agriculture where automation is a key part of the process, 

the human factor is an inevitable part of mining. The human factor can be defined as any kind of interaction 

between people and the elements of a mining system, pursuing human well-being, safety, and optimized 

system performance [5]. It is therefore clear that human error could pose a significant threat to system safety 

and security in the mining industry. In a complex mining system, many safety-related events are linked to 

the uncertainty and nature of human behavior [5]. Furthermore, the decision-making process by humans 

can always be biased and subjective due to diverse cultural and educational backgrounds. The human factor 

and biased decision-making can be decreased in higher automated system, leading to improved system 

efficiency, health, and safety [6]. 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 be a one of many puzzle pieces for contributing to mine automation 

with regards to blast fragmentation control and process optimization. Since mining operations consist of 

several interconnected processes in which each stage of performance affects subsequent processes, 

optimizing each stage separately cannot achieve the optimization of the entire performance [7]. The Mine-

to-Mill is a conceptual system structure that incorporates upstream and downstream processes, designed to 

maximize revenue by providing optimal "recipes" of blast design in real-time [8]. This can be achieved by 

releasing the bottleneck of the process by controlling blast fragmentation that is considered as the most 

cost-effective and energy-efficient rock breakage process [7]. The Mine-to-Mill optimization has been 

extensively applied in field scale and increased productivity by up to 20%. [8ï10]. The comprehensive 

strategy for Mine-to-Mill optimization involves real-time data acquisition, characterization, modeling, and 

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

 

With the development of sensor hardware systems and computational capacity, real-time data 

acquisition and big-data analysis become a standard technological trend in the mining industry. As shown 

in Figure 1, the sensor networks in the Mine-to-Mill system meticulously collect the data at each stage and 

save them in a data warehouse. As data flooded, it has become remarkably important to quantify and index 

the collected data to make appropriate decision-making processes. Ore characterization is an important step 

in quantifying numerous data records as design considerations.  

For complete Mine-to-Mill optimization, adequate decision-making process for the ore 

characterization should be established in advance. Ore characterization stage represents measurement of 

mechanical properties of surrounding geologies that can be defined as rock strength and rock structure [7]. 

Rock strength is a measure of the maximum resistance of intact rock against the external stress. The uniaxial 

compressive strength (UCS) and tensile strength are the most representative measure for the rock strength. 

Rock strength also involves rock-breakage characteristics such as blastability and grindability. Rock 

structure is a measure of geometrical and geochemical properties of rock mass discontinuities. The rock 

structure has been measured by in-situ mapping and quantified by various rock mass rating systems such 
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as GSI (Geological Strength Index) and RMR (Rock mass rating). The rock structure influences the size 

distribution of blast fragmentation [7].  

1.2. Ore Characterization ï Rock Strength 

By considering the needs of agile measurement for a real-time dynamic system, the development of 

accurate and prompt in-situ ore characterization would be essential. A performance of blasthole drilling can 

provide a viable means of in-situ ore characterization for rock strength. The use of blasthole drilling data 

can be advantageous because 1) the sampling frequency is sufficiently high to eliminate the uncertainties 

for extracting the representative geological features and 2) the data acquisition from drills does not require 

high capital investment [11]. In the mining industry, monitoring while drilling (MWD) is standard practice 

for obtaining penetration rate, rotational speed, flushing pressure, and GPS-based drillhole positioning data 

[12]. Currently, hardware for data acquisition is commercially ready in most of the open-pit mines, but the 

data interpretation is still below the statistical significance. The topic for proper and accurate data 

interpretation of drilling performance for predicting ore characteristics, especially rock strength and rock-

breakage characterization, is investigated in this dissertation (Appendix A). 

1.3. Ore Characterization ï Rock Structure 

One crucial aspect for mine automation in the Mine-to-Mill  framework is quantifying and controlling 

the expected hazards, which can be significant for the protection of workers and equipment. With the 

development of computer vision and remote monitoring system, in-situ rock structure monitoring becomes 

available without accessing the dangerous high wall. A characterization of rock structure using remote 

sensing technologies such as LiDAR scanning and spectral imaging, is now viable and an available option. 

The use of a hyperspectral camera with hundreds of spectral channels has been extensively used to geology 

survey since it can provide a detailed classification of spectral features [13]. However, since the 

multispectral cameras typically use less than ten spectral channels, they have the advantage of simple data 

interpretation and light-weighted image sensor compared to the hyperspectral camera. Due to this high 
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portability, the multispectral camera has been considered as an economically viable option in field 

application using unmanned aerial vehicles (UAVs) [14]. Recently developed with advanced optics 

technology, narrowband multispectral (NBMS) imaging leverages the advantages of both technologies for 

feature classification [15]. It uses bandpass filters with a narrow bandwidth (approximately 10 nm) to 

provide more delicate spectral information in real-time and thereby improves classification ability and 

efficiency [14]. The spectral images can mimic visual recognition by a human, along with improved spectral 

range and resolution, and effectively delineate the degree of weathering that reduces the rock strength and 

accelerates rock mass disintegration [16]. 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 the first stage of rock-breakage in the mining operation. The size distribution of blast 

fragmentation is core to both productivity and comminution efficiency in the framework of Mine-to-Mill 

[17,18]. The purpose of the blasting is to produce a size distribution of fragmentation that is appropriate for 

downstream processes such as load-and-haul, crushing, and grinding. An undesirable size of blast 

fragmentation may cause process delays and lower operational efficiency. For example, excessively coarse 

fragmentation may require secondary blasting that is a costly and time-consuming job and may cause 

potential damages to mine equipment. The excessively fine fragmentation in hard-rock mines may generate 

a sticky, clay-like material that is prone to attach to the wall of a tumbling mill, lowering its efficiency, and 

also generating a slime that results in lower efficiency in the flotation and leaching process [19].  

Accurate and reliable monitoring and prediction of blast fragmentation have been considered a long-

cherished desire for blasting engineers. Integrated with technological advances in optics and imaging 

algorithms, measurement of blast fragmentation has been improved for decades, from sieving analysis to 

artificial intelligence (AI). An image-based fragmentation analysis becomes the most common method by 

offering indirect and real-time size distribution despite a certain level of error [20]. However, its application 
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for detecting finer fragmentation can be limited due to occlusion detection, segregation problem [21] and 

lack of sufficient resolution for fines delineation [20]. The prediction models of blast fragmentation takes 

the blast design parameters into consideration for size distribution of run-of-mine (ROM) [22ï24]. However, 

these models mostly rely on the empirical approach to determine model parameters and also have a 

limitations in predicting fines generation [25]. The crushed zone model (CZM) modified the Kuz-Ram 

model but focuses the controllable fines generation that is assumed to be generated within a compressively 

failed crushed zone [18,26]. In addition, the previous prediction models have failed to describe the rock 

strength under dynamic loading with extremely high strain rates, such as blasting, where the rock strength 

and fracturing characteristics show totally different phases with the static loading. The innovative prediction 

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

 

2. Sustainable Mine Operation through Environmentally Friendly  Technology 

Technological advancement also supports preserving the environment. For sustainable operation, the 

mining corporate should consider possible environmental impacts and also a social responsibility to secure 

and improve the life quality of nearby communities. In terms of the mining operations, two issues have 

been considered as detrimental and worldwide environmental footprints: mine tailings and acid mine 

drainage [27].  

Particularly, tailings are a voluminous residue of fine rock particles after extraction of minerals, 

containing toxic elements and chemicals that can be introduced to the nearby environment. A Tailings 

Storage Facility (TSF) is a massive but primitive earth-fill ed structure for tailings disposal that can be 

susceptible to erosion under extreme weather conditions. For communities located in arid and semi-arid 

areas, where dust storms are frequent, the transport of TSF dust can be particularly more deleterious [28] 

owing to its higher erodibility and finer mean particle size, which facilitates travel up to hundreds of 

kilometers. Al though many efforts have been applied to mitigate the dust generation from TSFs such as 
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spraying water, physical covering, vegetation, phyto-stabilization, and chemical agents, many of the 

currently employed approaches pose environmental concerns or are not economically feasible [29]. Various 

synthetic and natural polymers have been investigated as environment-friendly and cost-effective options 

since chemicals can have the strongest preventive effect on the generation of tailings dust [30]. 

Biocompatible polymers lie somewhere between biopolymer and synthetic polymer, having advantages in 

mass production and environmentally friendly perspectives. The topic for evaluating the efficacy of 

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

 

3. Summary of the Dissertation 

The dissertation consists of two main perspectives: 1) technological applications for economic 

sustainability based on Mine-to-Mill optimization and 2) environmental application for socioecological 

sustainability by reducing the dust generation at the TSFs. Four articles are connected and integrated into 

the dissertation within the boundary of the two perspectives as listed in Table 1. 

Table 1. List of appendices integrated in the dissertation. 

Order Year Author  Publisher Title 

Appendix 

A 
2019 

1J. Park 
*K. Kim 

International Journal of 

Mining Science and 

Technology 

Use of drilling performance to improve 

rock-breakage efýciencies: A part of 

mine-to-mill optimization studies in a 

hard-rock mine 

Appendix 

B 
2019 

1J. Park 
*K. Kim 

The Journal of Southern 

African Institute of 

Mining and Metallurgy 

Quantification of rock mass weathering 

using spectral imaging 

Appendix 

C 
2020 

1J. Park 
*K. Kim 

Mining, Metallurgy & 

Exploration 

Estimation of Fines Generation in 

Blasting Using Dynamic rock properties 

and Near-Field PPV Damage Model 

Appendix 

D 
2019 

1J. Park 
*K. Kim 

T. Lee 

M. Kim 

Mining, Metallurgy & 

Exploration 

Tailings Storage Facilities (TSFs) Dust 

Control Using Biocompatible Polymers 
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Figure 2. Scope of the dissertation and location of four topics. 

 

There are three research topics under the first perspective. Theses research topics focuses on the 

specific stage within the flow of Mine-to-Mill as shown in Figure 2. The article in Appendix A ñUse of 

drilling performance to improve rock-breakage efýciencies: A part of mine-to-mill optimization studies in 

a hard-rock mine [31]ò provides a baseline of the rock characterization based on blasthole drilling as an 

initial part of the Mine-to-Mill . The article in Appendix B ñQuantification of rock mass weathering using 

spectral imaging [32]ò expands the rock identification scope to rock mass that can be critical for rock 

fragmentation and mine slope stability, which is also essential part of the Mine-to-Mill system. The article 

in Appendix C ñEstimation of Fines Generation in Blasting Using Dynamic rock properties and Near-Field 

PPV Damage Model [33]ò proposes the new prediction model to evaluate the generation of fine fragments 

by blasting based on the principle of dynamic fracturing and experimental analysis.  

There is one related article for the second perspective. The article in Appendix D ñTailings Storage 

Facilities (TSFs) Dust Control Using Biocompatible Polymers [34]ò applied environmental-friendly 

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 of Drilling Performance to Improve Rock-Breakage Efýciencies: A Part of Mine-to-

Mill Optimization Studies in a Hard-Rock Mine 

Keywords 

Á Monitoring While Drilling (MWD),  

Á Mine-to-Mill Optimization (MTM),  

Á Rock breakage efficiency, and 

Á Drilling penetration rates. 

Objectives 

Á To investigate the correlation between drilling performance and rock-breakage characteristics: 

tensile strength as presentative blast fragmenting energy and Bond Work Index (BWI) as 

representative comminution energy. 

Á To normalize the mechanical factor of penetration rate measured in field blasthole operation, 

proposing adjusted penetration rate (APR). 

Á To implement a series of laboratory experiments to measure tensile strength, BWI, and penetration 

rate from lab-scale coring machine. 

Á To show the overview of the field application model for predicting rock-breakage energy 

consumption based on daily-based blasthole measurement while drilling (MWD). 

 

3.2. Quantification of Rock Mass Weathering using Spectral Imaging 

Keywords 

Á Hyperspectral Imaging,  

Á Narrowband Multispectral Imaging (NBMS),  

Á Rock Mass Weathering, and 

Á Geological Strength Index (GSI). 
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Objectives 

Á To propose a quantitative approach for measuring the degree of weathering using a simple, spectra-

index classification algorithm, referred to as NBMS imaging. 

Á To appropriately pre-process the hyperspectral imaging data to reduce dimensionality and noise. 

Á To investigate the best configuration of spectral bands within VNIR (visible and near-infrared range) 

hyperspectral camera.  

Á To integrate the quantification of rock mass weathering based on NBMS with well-known rock 

mass rating system such as GSI.  

 

3.3. Estimation of Fines Generation in Blasting Using Dynamic rock properties and Near-Field 

PPV Damage Model 

Keywords 

Á Near-field PPV,  

Á Blast fragmentation,  

Á Blast fines,  

Á Dynamic fragmentation,  

Á Dynamic Increase Factor (DIF), 

Á Crushed zone, and 

Á Split Hopkinson Pressure Bar (SHPB). 

Objectives 

Á To establish the prediction model for the generation of fines in blast fragmentation based on crushed 

zone model (CZM) and dynamic fracturing.  

Á To determine one of model parameters, the crushed zone radius, by the SHPB dynamic 

compression test and compare the previously suggested model, crushed zone index (CZI). 
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Á To determine one of model parameters, the conversion ratio from single crushed zone to fines, by 

the SHPB dynamic fragmentation test. 

Á To provide an overview of 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 (TSFs) Dust Control Using Biocompatible Polymers 

Keywords 

Á Tailings storage facility (TSF), 

Á Biocompatible polymer,  

Á Dust control, 

Á Tailings beach, 

Á Particulate matter (PM), and 

Á Desiccation crack. 

Specific Aims 

Á To investigate the efficacy of biocompatible polymers as a dust suppressant for an upstream-type 

TSF in an open-pit copper mine. 

Á To evaluate the effectiveness of the two types of biocompatible polymers by measuring PM 2.5 

and PM 10 in laboratory wind tunnel, small-scale field test, and large-scale field test. 

Á To develop a new spraying system for applying the polymer on TSF beaches and analyze the 

economic feasibility. 
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A. Abstract 

In a hard-rock mine, blasting is an important rock-breakage process that impacts both energy 

consumption in downstream comminution processes and mine productivity. Optimizing the blast 

fragmentation to improve rock-breakage efficiencies during crushing and grinding is key to mine-to-mill 

optimization (MTM). This study explores the use of ñmonitoring while drillingò (MWD) data to achieve 

this goal. Representative penetration rates (PRs) were extracted from blastholes to estimate intact rock 

properties and predict the breakage efficiencies that directly affect comminution energy consumption. Two 

intact rock properties, tensile strength (TS) and Bond Work Index (BWI), were correlated with the PR data 

to predict these efficiencies in crushing 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 representative PR value at each blasthole. This preprocessing entailed defining 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 data was also normalized using the adjusted penetration rate (APR) 

to minimize the 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, various laboratory 

experiments were conducted: drilling tests using a high-precision 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 crushing and grinding based on APR. The result of this study can be used to 

obtain blast energy designs that consider comminution energy consumption and efficiency in the 

downstream rock-breakage processes. 
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A.1. Introduction  

Crushing and grinding are some of the most energy-intensive industrial processes in the world. In 

mines, rock-breakage (comminution) processes comprise a major portionðabout 30ï60%ðof the total 

energy consumption [1-5]. These processes impact not only energy consumption but also mine productivity. 

Over the last few decades, efforts have been made to improve comminution efficiency at hard-rock mines, 

and the most popular of these approaches is ñmine-to-mill optimizationò (MTM), which was first introduced 

by JKMRC (Julius Kruttschnitt Mineral Research Center). The ultimate goal of MTM is to improve the 

energy efficiency of rock breakage by optimizing blast fragmentation. Blasting generates microcracks that 

reduce the required comminution energy in crushing and grinding, resulting in productivity increases. [6,7]. 

MTM research falls under two main categories: determining the optimal (target) blast fragmentation 

and controlling the blast fragmentation. This study falls under the former category and considers the effect 

on downstream comminution processes, mainly crushing and grinding, to optimize blast fragmentation. 

 

 
Figure A.1. The concept of MTM 

 

 

As shown in Figure A.1, the MTM process for optimizing blast fragmentation is complex and must 

consider the characteristics of the rock mass, the blast energy, and downstream comminution processes. 
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Rock mass characteristics are especially important but challenging to determine in real time since acquiring 

this information is labor-intensive and time-consuming; these characteristics are typically measured directly 

from laboratory and field 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 mass in real time 

given the scale and frequency of blasting and the highly varied rock properties typically found at hard-rock 

mines. In a porphyry copper deposit, for example, rock properties usually vary dramatically over even small 

domains because of the complexity of the alteration zone and its interaction with hydrothermal fluid [8]. In 

addition, access to the muckpile or pit highwall to obtain samples may prompt safety concerns.  

Drilling performance data can provide a viable means of characterizing the rock mass for MTM. The 

use of blasthole drilling data is advantageous since it is acquired systematically, routinely, and in real time 

[9]. In the mining industry, monitoring while drilling (MWD) is s standard practice for obtaining penetration 

rate (PR), rotational speed, flushing pressure, and GPS-based drillhole positioning data [10]. Various data 

logging systems are commercially available for recording this information, including Terrain [11], DEITM 

[12], ProVisionTM [13], and the Rig Control System (RCS)TM [14]. Many researchers have tried using 

drilling performance data to characterize rock properties and rock mass conditions [15-17]. For example, 

Segui and Higgins [10] identified the rock hardness from MWD data for use in a blast design; Ghosh et al. 

[18] developed a contour map of rock mass strength based on the measured MWD data in the Aitik 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 by comparing it with geophysical logging data from a 

drillhole probe; and MWD data was also used to detect geological boundaries such as coal seams [21,22]. 

Recently, machine learning technology has been applied to classify rock types using MWD data [23-25]. 

However, the current MWD technologies have still not been fully developed to accurately delineate and 

understand rock mass conditions, especially 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 features (discontinuities). This study considers each separately and focuses on 

intact rock properties, which can provide a measure of rock-breakage efficiency during the crushing and 

grinding processes and, ultimately, of the target blast fragmentation. This approach could simplify and 

reduce the high level of uncertainty associated with field data. Various state-of-the-art remote sensing 

technologies are available for observing structural features and can be used with the MWD system described 

below to investigate rock-mass conditions in a mine. These technologies include LiDAR and 

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

Figure A.2. 

 
 

Figure A.2. Various sensing technologies and MWD systems for rock characterization  

and MTM in a hard-rock mine 

 

This study reasonably assumes that intact rock properties control the breakage efficiency in the 

crushing and grinding processes. For blast fragmentation control, rock-mass structures must be considered 

in addition to intact rock properties [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 in the crushing and grinding processes are much 

smaller than the typical block size in rock mass. Two parameters can be used to represent intact rock 

properties for predicting comminution efficiency: tensile strength (TS) and the Bond Work Index (BWI). 

TS is fundamental to the crack-opening stages of crushing [27] and BWI is an intrinsic material 

characteristic for the fine grinding process [28].  These parameters are inversely proportional to the energy 

efficiencies for crushing and grinding; higher TS and BWI require more energy, which results in lower 

breakage efficiencies.  

The next sections outline the methodology and results of this study. Section 2 describes how the field 

MWD data was preprocessed and normalized using the defined valid PR range and adjusted penetration 

rate (APR). Section 3 discusses the use of models for predicting breakage energy efficiency based 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 real-time drilling performance data using sensors. Field MWD data usually 

includes some errors and inconsistent PR data that may originate from several sources: the drilling 

equipment itself, the media (due to geological variations), and operator behavior. For example, PR 

fluctuates when the drill bit contacts discontinuities such as faults, joints, fractures, and bedding planes, and 

operators may stop drilling to deal with unexpected situations such as rod or shift changes. Given the 

frequency and scale of blasting in hard-rock mines, a significant amount of MWD data must be updated 

daily. Therefore, the errors and inconsistencies in the PR data have a significant effect on the ability to 

achieve optimum blast fragmentation. Consequently, it is important to simplify the PR data, minimize these 

errors, and obtain a consistent PR within a rock type to use drill performance as a measure of intact rock 

properties for MTM.  



31 

 

Figure A.3 shows the analysis of approximately 986,000 PR measurements at a hard-rock mine 

obtained using a Pit Viper RCS system. The data distribution was positively skewed, meaning that the 

dataset contained a large amount of exceptional values; therefore, simple averaging could produce 

misleading results. To simplify the PR data and minimize errors, values higher than 1m/min (about 5.4% 

of total population) were considered outliers and treated as exceptional and invalid since including them 

would result in unreasonably high PR averages. For example, the average of the collected PR data was 0.4 

m/min, but the median was almost half, 0.22 m/min, and the median was still much higher than the most 

frequent value (mode), 0.14 m/min. These values illustrate the complexity of conducting statistical analyses 

for MWD data. Note that the 1m/min threshold was based on the overall range of PR data for the mine as 

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

 

 
Figure A.3. Histogram of PR data from field measurement 

 

Defining a Valid PR Range.  

To address these issues, a valid PR range was defined to represent intact rock properties. Data was 

collected from a single blasthole (around 15 meters deep) in a hard-rock mine, as shown in Figure A.4. 
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Even though the geological domain was relatively consistent throughout the borehole, some data points did 

attain exceptional PR values (over 2 m/min) and fluctuated widely due to operational errors and geological 

features. For example, the wide range of PR values observed in the first 5 minutes was not considered valid. 

In addition to operational errors, these values may represent structural features such as voids and fractures 

as well as mixed intact rock properties. In Figure A.4, since the rock type was consistent throughout the 

entire hole, it was reasonably assumed that the PR range shown on the graph could represent the intact 

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

 

 
Figure A.4. Example of valid data points from raw PR data 

 

Normalization Using APR.  

Although a PR range can be defined to minimize the disturbances related to geological variation and 

operator behavior, it does not apply to mechanical factors such as feed force, torque, and rotational speed. 

To estimate intact rock properties using drilling performance for MTM, the dependency of raw PR on 

mechanical factors must also be minimized. Many researchers have tried to find a function to obtain a 

representative index for estimating geological conditions from raw PR data; however, their results are 
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challengeable because the theoretical approach to describing drill-rock interactions is limited to account for 

external disturbances [9]. Two popular approaches have been used to infer rock strength from MWD data: 

applying the specific energy of drilling (SED) based on empirical analysis and applying the APR for data 

normalization.  

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

of rock [29]. It can be calculated as, 
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where ὛὉὈ = specific energy of drill (lb/in2 or N/m2), Ὀ = diameter of the drill (in or m), Ὂ = feed force 

(lb or N), = rotational speed (revolutions per minute (RPM)), † = torque (lbĀin or NĀm), and ὺ = ‫ 

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

SED is the most popular approach due to its simplicity; it infers the rock strength index simply by 

adding the measured drilling parameters in Equation 1 [30]. However, SED is based on empirical analysis 

and has no normalization process [9]; consequently, it has a limited ability to eliminate the effect of the 

mechanical factors and limited applicability for measuring intact rock properties for MTM. In this study, 

the APR for a rotary drill, suggested by Zhou [24], was applied. The effect of the mechanical factors was 

minimized by normalizing the PR data using APR, as calculated by following equation [22]. Note that, 

although this study focuses on rotary drilling, this approach could be applied to other drilling systems, 

pending further studies.   
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where, ὺ = the observed penetration rate (cm/min) and the coefficient Ŭ is determined by reference values, 

which are represented by the subscript ñr.ò  

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 variablesðfeed 

force, rotational speed, and torqueðwhile considering 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 within the defined ranges. In this study, an 

electric motor drill was used. Since the drillôs power output is constant and the rotational speed and torque 

of its motor are inversely proportional, the variable for torque can be ignored in Equation [2]. However, in 

a drill powered by an internal combustion engine (the standard in mines), feed force, rotational speed, and 

torque respond independently, and torque (†) varies depending on the RPM and power of the engine [31]. 

The reference values in this study were defined as 430 RPM (rotational speed) and 758 KPa (feed force). 

Note that the same values were used for sandstone and limestone since the difference in strength between 

these rock types was insignificant in this study and the tests were conducted in well-controlled environments 

using an electric drill.  

The APR was calculated using Equation [2] and Equation [3] with these defined reference values. 

For example, if a PR is measured with 420 RPM and 800 KPa of feed force, the denominator becomes 

800Ѝτςπ†. The value of ‌ can be expressed as 758Ѝτσπ† and divided by denominator. As mentioned 

above, torque, †, is constant since an electric motor drill was used. With ñ†ò canceled, the APR turns out to 

be about 96% of the PR value. 

A modified GCTS pressure-controlled coring machine (RCD-250) 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 measured using a real-time multi-channel 

data logger. Typical drill progress ranges were between 25mm and 40mm, depending on the tested sample 
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lengths available. Figure A.5 shows the coring machine and set of sensors for the laboratory-scale MWD 

test. 

 
 

Figure A.5. The modified GCTS pressure controlled coring machine (RCD-250) and a drilling test 

 

 

The disturbances generated from the mechanical factors were successfully eliminated (normalized) 

using the APR, and consistent PR data was obtained. Figure A.6 shows the results of normalizing the 

laboratory drill data: Figure A.6(a) shows the raw PR data, which were highly dependent on feed force and 

rotational speed changes, and Figure A.6(b) shows the PR data after applying APR.  
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(a) (b) 

Figure A.6. (a) Raw PR data obtained directly from the laboratory drill machine, and (b) APR after 

processing the raw data. 

 

Figure A.7 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 significantly, 

the APR data is more distributed and less centralized than the PR data. 

  
(a) (b) 

Figure A.7. Histograms of (a) PR and (b) APR using the valid range of laboratory drill data 
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Because the results shown in Figure A.6 and 7 are based on laboratory PR test data, applying them 

to field conditions is premature. Field applications will require further studiesðin particular, studies 

featuring drills that use internal combustion engines. For example, the APR Equation (Equation [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 be used to predict the rock-breakage efficiency in crushing and grinding 

processes based on the relationship between drill performance (APR) and intact rock properties. A series 

of laboratory rock testsðdrilling tests using a high-precision coring machine, tensile tests, and BWI testsð

were conducted to find the relationship between drilling performance and intact rock properties. As 

previously noted, this study assumed that TS and BWI could represent the resistance to fracturing and 

abrasion during comminution; TS can be considered as a fundamental property for rock breakage in 

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

In the laboratory tests, the tested rock types included Coconino sandstone as well as limestone from 

a quarry in northern Arizona. A total of 141 samples (80 sandstone, 61 limestone) was used for the tests. 

The NX core (54.7 mm diameter) with 100 mm of height was divided into two parts: 25 mm for Brazilian 

disc tests (to measure TS) and 75 mm for drilling tests (to measure APR). Fragments of the tested samples 

were then collected, crushed using a laboratory-scale jaw crusher, and used for the grindability tests to 

determine the BWI. Note that fewer Bond grindability tests were conducted because they require a larger 

amount of feed samples (over 5kg) than the Brazilian disc and drilling tests. Figure A.8 shows tested rock 

samples and the procedure for the laboratory experiments. 
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Figure A.8. Rock samples and laboratory experiment procedures 

 

Grindability Tests 

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 study used a laboratory Bond ball mill consisting of a 

cylindrical steel jar and a 70 RPM motor to derive BWI. Figure A.9 shows the mill.   

 

 
 

Figure A.9. Laboratory Bond ball mill 
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To measure BWI, the standard Bond grindability test procedure was followed, as shown in Figure 

A.10 [32,33]. This test requires feed material (rock particles) of less than 6 mesh (3350 ɛm). These particles 

were obtained by crushing the aftermath fragments from the drilling and Brazilian disc tests with the 

laboratory jaw crusher.  

 

 
 

Figure A.10. The procedure of the Bond standard grindability test 

 

Each tumbling procedure was repeated until the material flow reached the steady state of the 

circulation load, which was calculated using the ratio of the weight of oversize to undersize fragments based 

on the 100 mesh (150 ɛm) sieve opening. Once the circulation load remained at 250% for three tumbling 

periods, it was regarded as reaching steady state.   

Based on test results, BWI was calculated using Equation [4]. This calculation used product/feed 

particle sizes along with the average net grams produced per revolution (Gpr) measured during the last 

three periods after reaching steady state. P80 and F80 were obtained from the Gaudinn-Schumann distribution 

curve plotted by sieving tests using various mesh sizes.  
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where BWI = Bond Work Index (kWh/mt), Pi = opening sieve size (ɛm), Ὃὴὶ = grams produced per 

revolution (g), P80 = 80% passing size of product (ɛm), and F80 = 80% passing size of feed (ɛm).  

For limestone samples, this Equation was applicable, but for the sandstone samples, a different 

approach was used to calculate BWI. Since sandstone is a typical clastic sedimentary rock consisting of 

100ï200 ɛm silicate particles, the cohesion between particles is much weaker than their strength. This 

characteristic caused an inconsistent phase of grinding speed in the tumbling mill. The particle size quickly 

reduced to 100ï200 ɛm, but additional grinding at finer sizes produced almost no change due to the high 

hardness of the silicate. Therefore, it was difficult to achieve steady state for calculating Ὃὴὶ. 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] used it to 

measure the BWI values of graphite and columbite ores, respectively, and showed that their values were 

within the range of the actual BWI values of the ores. Likewise, Todorovic et al. [37] found that the BWI 

estimates from this comparative method were within 8% of the actual BWI. Given the purpose of this 

studyðidentifying the relative changes of BWI in accordance with the blasthole APR changes and 

predicting/improving rock breakage efficiencyðthis method was acceptable. Although it does not yield an 

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

The BWIs of sandstones were approximated using Equation [5]:  

  ὄὡὍ ὄὡὍ
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where ñrò refers to the referenced material and ñtò refers to the tested material.  
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The sandstone sample that was chosen as a reference material (sandstone #1 in Table A.1) had a more 

cohesive structure than other specimens and did not exhibit the general propensity of sandstone as described 

above.  

The average BWIs for sandstone and limestone were 5.84  1.51 kWh/t and 6.45  0.61 kWh/t, 

respectively. Although the measured BWIs were lower than the general ranges for sandstone (11ï38 kWh/t) 

and limestone (4 ï 26 kWh/t) [38], they were still considered acceptable given the purpose of this study and 

the variability of rock.    

Table A.1 shows details for the tested rock samples as well as the experiment results. The Leeb 

hardness (LH) index was measured using the method proposed by Aoki and Matsukura [39] for 

investigating the basic strength of rock samples. The Unconfined Compressive Strength (UCS) was 

estimated by converting the LH index [40]. Because the number of rock samples was limited, other basic 

mechanical properties for the rock types were not evaluated in this study, and only one BWI measurement 

was conducted for each test set.  

 

Prediction Models 

Models were established to predict rock-breakage efficiencies using nonlinear regression analysis. 

BWI and TS can be predicted using the measured APR. Previous studies have shown that the relationship 

between PR and rock strength commonly follows a power or exponential function [41-44]. The test results 

in this study followed a power function (ὣ ὥὢ ) that can be expressed as linear function in a log-log 

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 like the field MWD data, as 

shown in Figure A.3. 
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Figure A.11 shows the test results for the 80 sandstone samples. The model plots these results with 

a 95% confidence interval (CI) and prediction interval (PI) lines. Note that the CI indicates the 95% 

probability range in which a current observation lies, while PI indicates the range in which a future 

observation will fall with 95% probability. 

 

  
(a) (b) 

 

Figure A.11. Regression model of sandstone for APR versus tensile strength 

 

Figure A.11 shows the upper and lower PI boundaries that were defined for the prediction model and 

the relationship between APR and TS, with nonlinear and log-log plots. The prediction model for TS was 

generated using Equation 6:    

ὰέὫὝὛ πȢχτὰέὫ ὃὖὙρȢτφ [6] 

 

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



 

 

 

Table A.1. Information for tested rock samples and experiment results 

 

 

Rock type No. 
Sample 

Size 
Specific gravity 

LH index 

(mean±SD) 

UCS (MPa)  

[36] 

APR (mean±SD) 

(cm/min) 

TS (mean±SD) 

(MPa) 

BWI 

(KWh/t)  

Sandstone 

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 

5 10 2.33 524.40±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 

Limestone 

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 

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±1.03 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 A.11 shows that, for APR values lower than 5 cm/min, the corresponding TS increased 

exponentially, indicating that the energy required for crushing is exponentially higher in 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 change of 3 cm/min), the TS increase was only 2.6 MPa; 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 process after blasting, but the required blast design 

to improve rock-breakage efficiency will differ significantly 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 

Figure A.11. 

Figure A.12 plots BWI as a function of APR for sandstone. Data points were limited because of a 

shortage in feed materials (sandstone samples). Since BWI experiments require a relatively large amount 

of samples, more tests are required to generate the prediction model; however, this analysis did show that 

BWI relied significantly on APR changes.  

 

  
(a) (b) 

 

Figure A.12. Regression model of sandstone for APR versus BWI 
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Based on the results shown in Figure A.12, a preliminary regression (prediction) model of APR vs. 

BWI was generated for the sandstone, as shown in Equation [7].   

ὰέὫὄὡὍ πȢτσὰέὫ ὃὖὙρȢρφ  [7] 

 

Figure A.12 shows that, for APRs lower than around 7cm/min, the corresponding BWI increased 

exponentially with decreasing APR (harder rock for grinding). Figure A.13 and 14 show the test results for 

the limestone samples, which vary less than the sandstone results. This difference could be related to sample 

consistency (the limestone was sampled at a single quarry). More studies are required to determine the 

cause of this difference.  

 

  
(a) (b) 

 

Figure A.13. Regression model of limestone for APR versus tensile strength 
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(a) (b) 

 

Figure A.14. Regression model of limestone for APR versus BWI 

 

Figure A.13 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 models. Since the goal of this study is 

to demonstrate the use of PR data in mining applications, preliminary regression models of APR vs. 

TS/BWI were generated for limestone as shown in Equation [8] and [9].  

 

ὰέὫὝὛ  πȢωφὰέὫ ὃὖὙρȢσψ  [8] 

ὰέὫὄὡὍ πȢψσὰέὫ ὃὖὙρȢσψ  [9] 

 

The limestone test results showed that, for APRs below around 4cm/min, the corresponding TS and 

BWI increased exponentially with decreasing APR. 

This analysis found that rock-breakage efficiencies (TS and BWI) could be predicted using APR and 

that the prediction models follow a power function (ὣ ὥὢ ). Because the prediction model is both site- 
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and rock-type-specific, it was possible to minimize the variation that may occur even within a single rock 

type in a mine. Therefore, the same specificity applies to the coefficients of the power function (ñaò and 

ñkò). The coefficients can be derived from lab tests initially and later updated to minimize the discrepancy 

between the predicted and monitored values based on the data obtained during blasting, crushing, and 

grinding. Through this iterative process, reliable prediction models can eventually be developed for a mine. 

 

A.4. Potential Field Application  

For practical application in the field, the results of this analysis 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 classifications (for example, ñsoft,ò ñmedium,ò and ñhardò) that could serve as a guide 

before blasting, especially in the absence of geological surveys.  

This would entail developing a real-time thematic map that shows rock-breakage characteristics 

(crushability and grindability) based on representative APR values (MWD data) and prediction models. 

Such a map could be created by integrating MWD data into mine planning software such as MineSightTM, 

SurpacTM, VulcanTM, etc.; the data could be simply integrated into the existing blasthole database, which 

allows users to store, manage, and visualize data. Figure A.15 describes this concept. Note that applying 

this method in the field still poses many challenges and requires further study; the purpose of this section 

is to illustrate the concept of the potential application in mining industry. 
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Figure A.15. Thematic mapping using drill performance 

 

A PR map displaying the representative APR value at each blasthole can be generated, as shown on 

the left side of Figure A.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]. Therefore, this map could 

be simplified by classifying blastholesðfor example, as ñsoft,ò ñmedium,ò and ñhard.ò (Note that this 

classification refers to rock-breakage efficiency such as crushability and grindability based on TS and 

BWIðnot rock hardness.) For example, two thresholds, 5 and 10 cm/min, could be defined in Figure A.11, 

which shows the relationship between APR and TS. Blastholes having APR values that are lower than 5 

cm/min could be classified as ñhard,ò between 5 and 10cm/min as ñmedium,ò and higher than 10cm/min 

as ñsoft.ò At each classification, a blast energy design could be assigned to improve rock-breakage 

efficiency in the crushing process. Two simplified thematic maps could be generated based on the 

prediction models, as shown in Figure A.15: a TS map for presenting the comminution efficiency in the 

crushing process and a BWI map for presenting comminution efficiency in the grinding process.  

Optimal blast energy design requires both determining the target fragmentation and controlling the 

blast fragmentation. This study focused only on the target blast fragmentation, which must 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 fragmentation; harder rock for crushing and grinding 

demands better (smaller) blast fragmentation, 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 consider factors such as rock mass strength and structural features that were not 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 potential for using drill performance data to estimate rock-breakage 

characteristics in crushing and grinding as the part MTM efforts. A valid PR range was defined to minimize 

the effects of geological factors and represent intact rock propertiesðTS and BWIðfrom blasthole PR 

data. Likewise, the APR concept was applied to minimize the effect of mechanical factors by normalizing 

the PR data. The results of laboratory tests with sandstone and limestone samples indicated that APR could 

be correlated with TS and BWI, which are directly related to rock-breakage efficiencies in the crushing and 

grinding processes, respectively. Site- and rock-type-specific models were then generated to predict rock-

breakage efficiencies with a representative APR at each blasthole. In addition, a methodology was proposed 

for field applications that involves creating thematic maps (possibly using mine planning software) to guide 

operators in allocating the proper blast energy design at blastholes. To create these maps, blastholes would 

be classified based on their rock-breakage characteristics (e.g., ñsoft,ò ñmedium,ò or ñhardò). This study 

demonstrated how to extract intact rock properties for predicting rock-breakage characteristics in the 

crushing and grinding processes from drill performance (MWD) data. It also showed how to develop 

prediction models for estimating rock-breakage characteristics using APR values from laboratory drilling, 

Brazilian disc, and Bond grindability tests.  
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Although raw MWD field data were used to define the valid PR ranges for extracting the intact rock 

properties, the prediction models were generated based on the results of lab tests 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 and effectively extract the intact 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 sophisticated and 

complex statistical methods. Another challenge is correlating the field and laboratory APR values. 

Obtaining representative APR values from raw field MWD data must account for various conditions such 

as significant interactions between the drill bit and rock, friction between the drill rods and bore wall, the 

use of drilling fluid, and bit wear [20]; therefore, developing a reliable correlation between laboratory APR 

and field APR currently involves significant uncertainty. Further follow-up studies will be conducted to 

achieve reliable field APR values, site-specific prediction models and, ultimately, site-specific target blast 

fragmentation that considers the downstream comminution processes in a hard-rock mine.  
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B. Abstract 

The degree of weathering, a key parameter for evaluating rock mass strength, has traditionally been 

quantified based on visual inspection by engineers. In an effort to reduce the human bias associated with 

this approach, a study was conducted to assess the potential for using spectral imaging to quantify 

weathering. It entailed developing a portable, rapid method for narrowband multispectral (NBMS) remote 

sensing using a spectral-index classification algorithm, applying this algorithm to detect weathered features, 

and then quantifying the degree of weathering based on the percentages of weathered and aperture areas. A 

case study was conducted on Mt. Lemmon in southern Arizona and spectral images were collected from 

rock slopes using a visible- and near-infrared (VNIR) hyperspectral camera. A two-band ratio approach 

was used to delineate key areas. Wavelength ratios of 601nm to 550nm and 993nm to 450nm, respectively, 

were used to delineate weathered and aperture areas on the rock mass. The weathering degree at the test 

site was then quantified using thematic images. This entailed assessing the percentages of the weathered 

(22.5%) and aperture (12.5%) areas in the thematic image and using them in a modified Geological Strength 

Index (GSI) evaluation. The weathering rating (Ὑ) was classified as ñslightò and scored as ñ5ò based on 

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 mass weathering as 

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

  



57 

 

B.1. Introduction 

Rock mass strengthðthe maximum resistance to external stressesðcan be measured via Rock Mass 

Rating (RMR), the Q-system, and the Geological Strength Index (GSI), 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 the pit-slope scale, accessibility, and 

the human 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 since it relies mainly on visual inspection and subjective evaluation by geological engineers. 

Weathering typically reduces the strength of the rock mass and accelerates its disintegration [1]. For 

geotechnical applications, visual observations of weathering focus on 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, discoloration due to iron 

oxides, increased friability, and the formation of clay minerals [4]. Some researchers showed that the shape 

and size of the discolored areas on the rock mass surface can indicate the relative age of fractures, as well 

as groundwater infiltration and flow processes [5,6]. 

To eliminate the human bias in weathering estimation, state-of-the-art image processing technologies 

can be applied. These technologies include spectral imaging and 3D LIDAR (Light Intensity Distance and 

Ranging) imaging. Spectral imaging is 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 demonstrated their utility 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]. Likewise, close-range spectral image sensors 
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have been used successfully to detect the delicate changes in mineralogy on the highwall and in the 

weathering of rock masses [8ï10].   

Spectral Imaging Types and Features 

Spectral imaging can be classified into two main typesðhyperspectral and multispectralðbased on 

the continuity of information in the wavelength domain. Hyperspectral sensors employ over 100 contiguous 

bands to obtain a continuous reflectance spectrum for a given material, whereas multispectral sensors 

typically use fewer than ten discrete bands that can 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 sensors may be better suited to the detailed classification of spectral features 

[11]. However, the large number of bands (higher spectral dimensionality) could cause an imbalance 

between classifiers and the training sample size, known as the Hughes phenomenon [12], during data 

analysis. The Hughes phenomenon refers to the decrease in classification accuracy that occurs as the 

dimensionality of the classifier increases beyond a certain threshold [13]. Furthermore, since scanning each 

pixel with the full spectral dataset is time and energy consumptive, hyperspectral imaging is not feasible 

for field applications, which require fast and portable image acquisition. Thus, lowering the dimensionality 

is important for practical applications of hyperspectral imaging. 

On the other hand, multispectral imaging has fewer, but wider, spectral bands for classifying features. 

This characteristic supports real-time and online image acquisition without large power or computational 

load requirements, allowing for sustainable, viable data acquisition for various field applications such as 

those involving unmanned aerial vehicles (UAVs) [14]. Therefore, the benefits of multispectral imaging 

(flexibility and mobility) outweigh the higher analytical capability of hyperspectral imaging in practice. 

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

technologies for feature classification. NBMS was developed as a result of recent advances in optics 
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technology [15]. It uses bandpass filters with a narrow bandwidth (approximately 10 nm) to provide more 

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

Study Goal and Scope 

The ultimate goal of this study is to develop an automated rock-mass classification system that will 

overcome accessibility and human bias issues using advanced image processing technologies. To achieve 

this goal, a quantitative approach for evaluating the degree of weathering using NBMS imaging was 

investigated. Section 2 details the processes for developing thematic maps using hyperspectral, NBMS, and 

RGB imaging. Section 3 discusses how the quantified weathering degree information was integrated into 

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

Spectral image processing was conducted to extract and classify the features of interest from raw 

hyperspectral data. The geological features of interest (weathered, non-weathered, and aperture areas) were 

extracted via computational and statistical approaches, using ENVI software and the OpenCV3-Python 

library. The workflow for the spectral imaging processes is shown in Figure B.1.   

 
 

Figure B.1. Workflow of hyperspectral, multispectral, and RGB imaging process. 

 

Data Acquisition and Study Area 

Spectral images were acquired using the Surface Optics SOC710-VP hyperspectral camera [15]. This 

visible- and near-infrared (VNIR) camera has a spectral range of 400ï1000 nm, which corresponds to 

wavelengths in the visible light to near-infrared range. Its sensor has a spatial resolution of 696 × 520 pixels 

and spectral resolution of 128 pixels (bands). Historically, the short-wave near-infrared (SWIR) wavelength 

range has been applied for mineral identification; however, in this study, the VNIR range was selected for 

practical reasons such as portability, cost, and fast image acquisition. This range can still mimic an 

engineerôs visual inspection (typically 400ï700 nm) for geological surveys.  
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The study area was an exposed road cut (rock slope) located near Thimble Peak Vista on Mt. 

Lemmon in southern Arizona, USA. Figure B.2 shows an image of the study area. Hyperspectral images 

were obtained from two subsections, A and B. As shown in Figure B.2, the area mainly consisted of granite, 

with heavily fractured and weathered zones. Several rock chips were also observed. Rock samples, 

weathered and relatively unweathered, were collected, and the uniaxial compressive strength (UCS) was 

estimated using a Schmidt hammer and a point load tester. The average estimated strengths of weathered 

and unweathered samples were around 40 MPa and 120 MPa respectively, indicating a significant reduction 

in strength due to the weathering, multiple fissure systems, and oxidization observed in Figure B.3. 

Note that granite is a competent rock with low porosity and permeability. However, once water 

infiltrates into the rock mass, areas adjacent to fractures become al tered and degraded. The contrast between 

the weathered and relatively non-weathered (fresh) areas can become more distinct because of the fracture 

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

 
 

Figure B.2. Image of the study area. Hyperspectral images were captured from sections A and B. 
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(a) (b) 

Figure B.3. Rock samples from the study area:  

(a) weathered granite and (b) relatively non-weathered (fresh) granite 

 

Pre-Processing 

Images were pre-processed using raw hyperspectral cubes. This pre-processing included camera 

calibration, atmospheric correction, and noise reduction.  

Camera calibration.  

Raw data from the hyperspectral camera contains only a digital number (DN) that corresponds to the 

pixel intensity. Because light conditions affect pixel intensity, data must be calibrated. In this study, the 

DNs in each element of the hyperspectral cube were normalised and converted to reflectance values based 

on Munsell (18% reflectance) gray [17]. 
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Atmospheric correction.  

Reflectance values were also corrected to compensate for the effects of the atmosphere. This entailed 

removing the dependence on atmospheric conditions (absorption by molecules, gas, and aerosol) on the 

surface of the rock mass to improve spectral classification. 

Noise reduction.  

Noise reduction is essential to improving the quality of hyperspectral analyses. The radiance received 

by the spectral sensor is generally degraded by instrumental noise (thermal, quantization, and photon) [18]. 

Two methods have been commonly used to reduce noise in the hyperspectral imagery [19,20]: the 

maximum noise fraction (MNF) and principal component analysis (PCA). For this study, the MNF method 

was applied as shown in Figure B.4. The raw spectral profile of a pixel is shown in Figure B.4(a). After 

noise reduction, the small spikes, which are considered minor components of the trend, were eliminated to 

produce the smoother curve that is shown in Figure B.4(b). 

  
(a) (b) 

 

Figure B.4. Noise reduction results (a) before MNF transform and (b) after MNF transform. 
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Endmembers Designation 

Hyperspectral images can be classified based on a representative spectral profile of each feature that 

mimics an engineerôs visual inspection. The process of designating the spectrally pure constituent that 

corresponds to each feature of interest is referred to as ñendmember designation.ò Three designated areasð

weathered, relatively non-weathered (background), and apertureðwere identified for this study site. The 

representative spectral profiles for each endmember 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 shown in Figure B.5. 

  
(a) (b) 

 

Figure B.5. Endmember designation for the features of interest (non-weathered, weathered, and aperture 

areas): (a) section A and (b) section B. 
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Feature Band Selection and Spectral Index 

Detecting features of interest from raw images is difficult using single-band methods. First, the 

contrast between the weathered / aperture areas and non-weathered areas (background) may be insufficient. 

In addition, single-band methods pose a higher risk for encountering misclassified pixels that have similar 

intensity values as feature areas [21]. To intensify this contrast and show a uniform response across the 

entire rock mass, a spectral index (or ñband ratioò) can be used. An example of a band ratio is the well-

known normalised difference vegetation index (NDVI). Configured 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 on the spectral profile of the endmembers 

shown in Figure B.5. The most effective band ratios (those with the highest contrast between reflectances) 

were identified for weathered and non-weathered areas and for aperture and non-weathered areas.  

Weathered index (WI).  

On weathered areas of the rock mass surface, granite was discolored, indicating biotite and feldspar 

alteration that occurs when water flows through fractures and forms reddish-brown iron oxides [16]. This 

discoloration was assumed to be a good indicator of weathering; consequently, this study mostly focused 

on the discolored and aperture areas, as suggested by the work of other researchers [3,5,6]. To evaluate the 

weathered area, a weathered index (WI) was determined as the ratio of two wavelengthsð550 nm (green) 

and 601 nm (orange). 

ὡὍ
”

”
ȟ [1] 

where ” is the reflectance value at a specific wavelength.    
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Aperture index (AI).  

An aperture is an open discontinuity on the rock mass that is filled with air or water. Once the rock 

wall receives high tensile stress or the existing fracture is eroded by weathering, the aperture density 

increases [22]. As shown in Figure B.5, the spectral reflectance of an aperture at a short wavelength is 

almost zero, but reflectance increases at longer wavelengths. Thus, the ratio between the blue (450 nm) and 

NIR (993 nm) band provided good contrast for aperture detection. Aperture index (AI) was determined as 

the ratio of these two wavelengths as follows:  

ὃὍ
”

”
 Ȣ [2] 

where ” is the reflectance value at a specific wavelength.    

Occlusion index (OI). 

Shaded (ñoccludedò) areas, which have low reflectance and intensity values, disrupted digital image 

processing. To evaluate the effectiveness of hyperspectral classification across these areas, an image mask 

was created using an occlusion index (OI) and applied during thematic mapping. The OI was defined as a 

combination of the NIR band (993 nm) and two blue bands (400 nm and 450 nm) as follows: 

ὕὍ
” ” ”

”
 Ȣ [3] 

where ” is the reflectance value at a specific wavelength.    

 

Thematic Mapping and Quantification 

Thematic mapping shows the spatial distribution of the features of interest on the image. It involves 

mapping the spectral index values in image pixels to a 16-bit gray scale. To classify features on the map in 

a binary way, a threshold was then defined to distinguish weathered and aperture areas from non-weathered 

(background) areas. This process was automated using the adaptive threshold technique [23] instead of 
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using a fixed (absolute and specific) threshold value. It determines the thresholding values based on the 

relative difference between the intensity of the featured object and background, mitigating the 

misclassification caused by the global intensity gradient. The binary images of each spectral index were all 

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

described in Figure B.6. Non-weathered, weathered, aperture, and shaded areas are shown in Figure B.7(c) 

and 7(d) as green, red, blue, and black respectively. 

 
 

Figure B.6. The process of creating a thematic map using NBMS imaging. 

 

 

  
(a) (b) 
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(c) (d) 

  
(e) (f) 

  
(g) (h) 

 

Figure B.7. Thematic maps using various algorithms. 
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Other approachesðthe use of Spectral Angle Mapper (SAM) and RGB analysisðwere also applied 

for comparison with hyperspectral full-band analysis via NBMS. SAM uses the similarity between spectral 

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 vectors, not their magnitudes [24]. In this 

study, the spectral vector 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 in Figure B.5. If a spectral vector at the arbitrary pixel showed the best similarity with the reference 

spectral vector of the ñweatheredò endmember, then the pixel was classified as ñweathered,ò since the best 

similarity produces the smallest spectral angle. The thematic images developed using SAM are shown in 

Figure B.7(e) and 7(f). RGB analysis of normal digital images, a relatively simple and cost-beneficial 

method, was also used to evaluate the relative capability of weathering classification. This method has been 

used to detect rock weathering by other researchers [5,6]. In this study, a maximum likelihood estimation 

algorithm was applied to classify the weathered and aperture areas. The thematic maps using RGB analysis 

are shown in Figure B.7(g) and 7(h). 

Compared to other approaches, the spectral index images (Figure B.7(c) and 7(d)) analysed using 

NBMS showed the most reasonable results. The NBMS algorithm never misclassified non-weathered 

points as weathered; it also produced better results for shaded areas and for weathering/aperture 

classification. The shaded areas (the black, masked areas on the left side of section B) did not influence the 

spectral classification of the aperture and weathered areas from the non-weathered areas in the spectral 

index images. In addition, NBMS successfully delineated the hidden aperture under the shade area, shown 

in the white circle in Figure B.7(d), whereas the SAM and RGB images failed to even detect this aperture 

line. For weathering classification, the RGB analysis yielded similar results as the spectral index image; 

however, this method could not discriminate between the aperture area and occlusion and it overestimated 

the size of the aperture. In addition, because the RGB color space uses only three bands, this method is 

susceptible to changes in illumination conditions (for example, during sunset) [25]. 
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Calculation of Percentages of Weathered, Aperture, and Background Areas 

Weathering was then quantified by calculating the percentage of classified pixels in the weathered 

and aperture areas over the entire image. Table B.1 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 B, respectively. 

Table B.1. The percentage of the estimated weathered areas  

Section Weathered Aperture 

A 14.1 % 6.5 % 

B 22.5 % 12.5 % 

 
 

B.3. Application to GSI System 

Spectral indexes from two-band ratios were calculated and used to delineate the discolored and 

aperture areas. The quantified weathering in section B at the study site was used to evaluate the rock mass 

via the GSI system [26] 

The GSI system estimates the condition of the rock mass or slope based on its structure and surface 

conditions. The structure rating (SR) considers block size and the interlocking of rock blocks; the surface 

condition rating (SCR) considers weathering, persistence, and the condition of discontinuities. GSI scores 

can range from 10 to 85. Higher values represent good/intact rock mass conditions, whereas 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 Ulusay [27] proposed a 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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ὛὙ ρχȢυÌÎὐ χωȢψ [4] 

where ὐ is the volumetric joint count (joint/m3).  

Traditionally, ὐhas been assessed using a conventional scanline survey (or cell mapping). In this 

study, a 3D LIDAR image was used to estimate ὐ in section B, as shown in Figure B.8. The overall process 

of data acquisition and manipulation, demonstrated in a previous publication by the authors [10], entailed 

obtaining the 3D point-cloud data using a FARO X330 scanner with 2 mm resolution and analyzing data 

using Split FX software (Version 2.3, Split Engineering, Tucson, 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 B.8. 3D LIDAR image (point cloud) of section B [10]. 

 

The SCR parameter can be obtained simply by summing the roughness (Ὑ ), filling (Ὑ ), and 

weathering (Ὑ ) ratings, which range from 0 to 6, as shown in Table B.2. In this study, Ὑ and Ὑwere 
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obtained using the 3D LIDAR image from Park et al. [10,28]. These values are shown in Table B.3. Ὑ was 

calculated from the Fisher K of each triangulated unit mesh surface [10], and Ὑ was determined by visual 

inspection of section B. 

 

Table B.2. SCR rating for GSI [27]  

SCR = Ὑ+ Ὑ + Ὑ  

Roughness 

Rating (Ὑ) 

Very  

Rough 
Rough Slightly Rough Smooth Slickenside 

6 5 3 1 0 

Infilling 

Rating (Ὑ) 
None 

Hard  

and Thin 

Hard 

and Thick 

Soft 

and Thin 

Soft  

and Thick 

6 4 2 2 0 

Weathering 

Rating (Ὑ ) 

None 
Slightly 

Weathered 

Moderately 

Weathered 

Highly 

Weathered 
Decomposed 

6 5 3 1 0 

 

 

Traditionally, Ὑ  is determined by visually inspecting the degree of weathering in the rock mass in 

accordance with the International Society for Rock Mechanics (ISRM) guideline [2]. Consequently, to 

estimate Ὑ  for this study, the percentage of the weathered and aperture areas was calculated as previously 

noted and Ὑ  was tentatively quantified by assuming a linear correlation with the average percentage of 

these areas. Since Ὑ  ranges from 0 (very weathered) to 6 (not weathered/intact), the average percentages 

were converted to Ὑ  using Equation 5. 

Ὑ φ
ρ

ρφȢχ

ὃ ὃ

ς
 [5] 

where ὃ is the percentage of the weathered area, ὃ  is the percentage of the aperture area, and the constant 

16.7 is the coefficient that was derived to convert these values from a percentage (0 to 100) to the Ὑ  range 

of 0 to 6.  

For se ction B, the estimated values of the constituent parameters and GSI are summarised in Table 

B.3. The R_w at section B was classified as ñslight,ò with a score of 5, and GSI was 43 according to the 



73 

 

chart in Sonmez and Ulusayôs study [27]. Note that the other parameters were obtained from the authorsô 

previous study [10].    

 

Table B.3. GSI estimation using the advanced image processing technologies 

Parameter Rating 

Block Size Parameter 
ὐ 6.9 

SR 46 

Surface Condition 

Ratings (SCR) 

Ὑ 2 

Ὑ 2 

Ὑ  5 

SCR 9 

GSI 43 

 

 

To assess the validity of this approach, a traditional visual inspection was conducted to determine 

Ὑ  [2]. Based on this inspection, section B scored ñ3,ò indicating moderate weathering. Further studies are 

required to understand why this result differs from the Ὑ  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 degree of rock mass weathering using 

a simple, spectra-index classification algorithm, referred to as NBMS imaging. A simple two-band ratio 

was applied to delineate weathered and aperture areas. The weathered area was delineated using the 

wavelength ratio of 601:550 nm, and the aperture area was delineated using the wavelength ratio of 993:450 

nm. Compared to a full-band hyperspectral imaging analysis, NBMS imaging successfully demonstrated 

the potential of quantifying the degree of weathering. This quantified weathering was also applied to 
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estimate the (modified) Turkish GSI by converting the percentage of weathered and aperture areas into the 

weathering parameter, Ὑ , in the GSI system. The study results also showed the potential of applying the 

quantified weathering degree using NBMS imaging to estimate rock mass strength. However, using the 

weathered area percentage as input for GSI determination has several limitations that require additional 

study, as noted below. 

It was assumed that the relationship between Ὑ and the percentage of the weathered area is linear; 

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

The weathering parameter, Ὑ , depended largely on the threshold level in the thematic mapðfor 

example, a higher threshold level would underestimate the weathered areas, resulting in higher values. The 

threshold value should be site-specific for the GSI application and consider the rock type, climate, 

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

The Ὑ  was influenced by uneven illumination conditions in the testing site. This problem was 

alleviated by applying the adaptive threshold method and using an occlusion image mask; however, further 

studies are required for various lighting conditions. 

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

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

To detect the specific features of clay minerals and delineate their distribution, SWIR spectrometry 

is required. In this study, VNIR-range spectrometry was applied for practical reasons, and the presence of 

clay mineralsða main factor in rock weatheringðwas not considered. 
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C. Abstract 

In the hard-rock mining industry, the generation of fines during blasting is an important issue because 

it has a significant effect on production processes. Although various approaches have been used to estimate 

fines generation in recent decades, as a 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 blasting. This modified version of the 

crushed zone model (CZM) considers dynamic rock properties and peak particle velocity (PPV), which 

represents the induced stress in blasting. Dynamic rock-fracturing tests were conducted using a Split 

Hopkinson Pressure Bar (SHPB) to determine the parameters that represent the relationships between rock 

strength and strain rate as well as the relationships between fines amount and strain rate in the model. A 

case study was conducted that entailed determining the radius of the crushed 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 provide a rough estimate of fines generation for given dynamic rock 

properties and blast design parameters and that this method has the potential to be a useful indicator, or 

index, of fines generation. 

  



80 

 

C.1. Introduction  

In a hard-rock mine, the size distribution 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 blast-fragment size distribution may cause process delays and 

lower operational efficiency. In the case of excessively coarse fragmentation, secondary blasting may be 

requiredða process that is expensive and potentially damaging to mine equipment because it results in 

additional breakage and may likely produce flyrock. An excessive amount of fines induces even more 

problems:  

Á In hard-rock mining operations, fines generate a sticky, clay-like material that could attach to the 

wall of tumbling mill, lowering its efficiency. They also generate slime, causing lower efficiency 

in the floatation process [3].  

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

Á In leaching operations, excessive fines reduce the permeability of leaching pad, thereby lowering 

its efficiency [5].  

Á In iron ore 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 used in recent decades, estimating fines accurately 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 defined as particles 

that are smaller than 4 mm in thickness, or 1/5 of the specimenôs length and 1/10 of its diameter [7]. At iron 

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 the fines before investigating their generation. In this study, fines are assumed to be 

75ï1000 ɛm, the typically accepted size in hard-rock mining [2,9,10]. 
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Limitations of Technologies for Blast Fragmentation Analysis 

There have been studies related to measuring the amount (size distribution) of fines generated by a 

large-scale mine blast. The traditional method of fragmentation analysis is ñsieving,ò which measures the 

distribution of fragment sizes directly. However, since this method is time consuming and labor intensive, 

applying it to a large-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 using a digital image processing system that can be mounted on an excavator, conveyor 

belt, or crusher feed. Image-based fragmentation analysis offers the advantages of real-time processing and 

high accuracy [12]; however, its application for detecting fine fragments is limited by sampling and image 

processing issues. The sampling-related issues are related to particle segregationðfiner 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 processing may ignore 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 delineate fine fragments, the large number of pixels 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 limitations, fines estimation studies have focused on developing prediction models based 

on empirical approaches that produce rough estimates [6]. Currently, various empirical fragmentation 

prediction models are available, such as Larssonôs equation [14], the SveDeFo formula [15], the multiple 

blasthole fragmentation (MBF) model [16,17], and the Kuz-Ram model [18]. In particular, the MBF and 

Kuz-Ram models have been applied extensively for fragmentation analysis in both simulations and practical 

studies. However, these models are mainly used to analyze relatively coarse fragments, which approximate 

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

To predict fines generation from blasting, researchers have used the crushed zone model (CZM). 

This modified version of the Kuz-Ram model assumes that most fines originate from the crushed zone, 

where compressive failure dominates [2,10,19]. The CZM defines the cylindrical area where rock is 

pulverized and finely crushed, as shown in Figure C.1. 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 more dominant at a farther distance, where disseminated 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 loading leads to internal failures in response to 

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

 

 
 

Figure C.1. The concept of the crushed zone 

 

The crushed zone index (CZI) model proposed by Esen [10] is a modified version of the CZM that 

considers rock mass conditions and blasting behaviors. It is one of the most cited models for defining the 

crushed zone boundary; however, it simplifies the applied rock properties and rock mass conditions by only 

considering the basic intact rock strength [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 two other sources in blasting: fracturing beyond the crushed zone 

and the inherent rock mass structures [5,9]. Although tensile fracturing produces 5ï20 times fewer fine 

fragments than compressive fracturing, a certain amount of fines is still generated beyond the crushed zone, 

where tensile fracturing is predominant [2,4]. In addition, the inherent rock massŖwhich is defined by 

joints, faults, alteration, and other conditionsðis another major source of fines [5]. Therefore, the amount 

of fines generated from a large-scale mine blast is impossible to measure if only the crushed zone is 

considered.  

Nevertheless, this study focuses on crushed zones, for two main reasons. First, the crushed zone can 

be controlled by modifying blast design parametersðhole diameter, burden, spacing, and explosives type. 

Second, quantifying the amount of fines from all possible 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 parameters in predicting fines 

generation. Consequently, work for this study entailed developing a dynamic near-field peak particle 

velocity (PPV) model and comparing it to the existing CZI model. Although the new PPV model does not 

account for complex field conditions or the entire fines volume, it still provides a very useful indicator for 

estimating fines generation. 

 

A Dynamic Near-Field PPV Prediction Model 

The radius of the crushed zone can be determined using an analytical approach that is based on the 

blast vibration. This vibration, which is generated by the detonation of explosives, propagates strain waves 

into the nearby rock mass. The most common measure of blast vibration is PPV, the maximum of all of the 

particle velocities in three dimensions. As the strain wave propagates, objects along its path receive a certain 

amount of dynamic loading, causing damage if the load exceeds the objectôs failure resistance (strength). 
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Since blast vibration affects structural stability and human/animal perception, the regulatory authorities 

impose limits on the PPV level. This level has been estimated/predicted by well-known models at certain 

distances from the blasting source according to several factors: the amount of explosives, the distance 

between the shot and monitoring areas, and site-specific geologic conditions [23ï25].  

Sophisticated engineering efforts have led to the quantification of damage to the structure and nearby 

rock mass using PPV levels [26ï28]. Damage to the rock mass has been evaluated based on the critical 

PPV level, the threshold value for exceeding the strength of material. Kim [29] integrated the PPV model 

with a rock-mass damage model and used this new model to not only estimate rock mass damage but also 

to optimize fragmentation by controlling blast design parameters as part of efforts to reduce the energy 

consumption of downstream comminution processes in a hard-rock mine.  

In this study, a modified, near-field, PPV damage model was developed to roughly estimate fines 

generation from blasting in a hard-rock mine. Although applying this approach to the crushed zone within 

the near-field range (close to the blasthole) is atypical, some researchers have attempted to quantify near-

field damage using PPV-based criteria in recent decades. The near-field PPV model was first proposed by 

Holmberg [15] to understand the rock damage in a nearby blasting area. After the 1990s, Holmbergôs model 

was modified using strain and stress relationships up to 2 meters [30] and by measuring PPV up to 1 meter 

from a single blasthole [31]. Murthy [32] also predicted the near-field PPV up to 1 meter at the field scale. 

The linear relationship between measured PPV and distance on a log-log plot was found, and numerical 

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

For near-field 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 [2,36ï39]. Consequently, the crushed 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 strain-rate dependency can be expressed as a nominal and relative value based on the strength 
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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 model used a constant of ñ7ò as a DIF but overlooked the fact that dynamic rock strength 

varies depending on the strain rate. 

The near field, in this study, was defined as less than several metersðthe area that greatly contributes 

to dynamic rock failure and fines generationðand 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 experimental study, and the 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 assigning an ñindexò (from 0 to 100) at each blast round in a hard-rock mine. The model 

developed for this study assumes that stress/strain waves with one-dimensional, harmonic motion propagate 

through the rock media, and that properties throughout the crushed zone are homogeneous and isotropic. 

The authors acknowledge that this assumption may oversimplify the complex rock-mass conditions and 

wave-propagation behaviors that occur in the field. However, the focus of this study is simply to apply the 

results of dynamic fracture experiments conducted 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 result of the experiment 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 Near-Field PPV Damage 

Model  

The PPV damage model was established for a single blasthole. Figure C.2 illustrates the overall 

processes and empirical and analytical procedures used to integrate the PPV prediction-model concept into 

the modified CZM. This model defines the crushed zone 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.  

 
 

Figure C.2. Dynamic PPV model and fines estimation. 

 

Critical PPV for Crushed Zone Measurement 

The model uses an analytical approach to determine the crushed zone boundary. As a first step, this 

entails converting the strain-induced stress into a measure of the PPV to represent the blast vibration through 

the rock mass. As noted above, this model assumes one-dimensional wave propagation with a simple 

harmonic motion and a PPV magnitude that is proportional to the maximum strain of the elastic wave 

[16,17]. It ignores site-specific 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 characteristics 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 [30], as shown in Equation 1: 
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where, ‐ = strain,  ‬όȾ‬ὼ = displacement gradient, and ὅ = P-wave velocity (m/s).  

The strain rate can be derived from Equation 2 as: 

‐ ὥϽ
ρ

ὅ
 [2] 

where, ‐ = strain rate (s-1) and ὥ = particle acceleration (m/s2).  

During blasting, the induced stress can be derived using the applied strain (‐) and dynamic elastic 

modulus (Ed) and expressed by PPV as shown in Equation 3. This study assumes that the rock mass exhibits 

elastic behavior (a linear relationship between strain and stress) and follows Hookôs law.  

„ Ὁ Ͻ‐ Ὁ Ͻ
ὖὖὠ

ὅ
 [3] 

where Ὁ  = dynamic Youngôs modulus, and „ = stress subjected on the element of rock mass.  

The dynamic Youngôs modulusða function of Poissonôs ratio (ɜ) and density (ɟ)ðcan be simplified 

by considering the typical range of Poissonôs ratio for rock, 0.2ï0.3 [41], as: 

Ὁ ὅ Ͻ”Ͻ
ρ ’ ρ ς’

ρ ’
πȢωϽὅ Ͻ” [4] 

Hence, Equation 4 can be reduced as: 
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„ πȢωϽὖὖὠϽὅϽ” [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 stress is called the critical PPV (ὖὖὠ). From 

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

ὖὖὠ
„

πȢωϽὅϽ” 
 [6] 

where ὖὖὠ = critical PPV, and „ = critical level of induced stress (rock strength)  

Within the crushed zone, rock is assumed to fail mainly due to compression stress. As shown in 

Figure C.3, the radius of the crushed zone can be defined as the intersection between induced stress and 

rock strength. Induced stress is represented as the PPV, as calculated in Equation 1, whose magnitude is 

reduced by increasing the distance from the blasthole. The dependence of PPV on distance from the 

blasthole can be found using Olofssonôs [23] empirical formula. According to this formula, PPV depends 

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 loading condition, the 

critical PPV would be also constant as the compressive strength of rock. However, 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 dynamic strength increases with increased strain rate, which increases 

exponentially as the distance from a blasthole decreases. As shown in Figure C.3, the location of the 

intersection under the static condition moves forward on the graph if dynamic strength is applied; thus, the 

radius of the crushed zone can be overestimated when the static rock strength is applied instead of dynamic 

rock strength.  
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Figure C.3. The schematic graph for determining the crushed zone diameter. The intersection between the 

dynamic rock strength and induced 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 conducting dynamic fracturing tests 

using the SHPB. To normalize the various rock types 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 dynamic loading conditions [42]. DIF is typically a nonlinear function of 

strain rate [35], and the critical stress („) under dynamic loading can be expressed as Equation 7:  

„
ὟὅὛ

ὟὅὛϽὈὍὊ‐

όὲὨὩὶ ίὸὥὸὭὧ ὰέὥὨὭὲὫȟ

      όὲὨὩὶ ὨώὲὥάὭὧ ὰέὥὨὭὲὫȢ
 [7] 

To represent the dynamic behavior of rock, one of the most popular and accepted DIF models is the 

CEP-FIP model [43], originally developed for concrete structures under dynamic loading. The formula 

consists of two bilinear functions: one for static behavior (less than the strain rate of 30 sï1) and the other 

for dynamic behavior (more than the strain rate of 30 sï1). This study employs the CEP-FIP model as given 

in Equation 8: 
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where ‐ is the static strain rate (s-1), ‌ is constant, and parameters Ὧ and ‎ can be determined via dynamic 

rock fracturing tests using an SHPB, as discussed in Section 3. Since the dependency of strain rate in the 

static range is small and ignorable, DIF was not considered under static loading conditions, meaning the 

critical stress is the same with static uniaxial compressive strength (UCS). This study assumed that the static 

strain rate (‐) and ‌ were constants as 30 x 10ï6 sï1 and 0 (zero), respectively. 

Therefore, PPVc can be determined using the rock properties (ὅ, ”, and static UCS) and strain rate 

(‐ for the given parameters (‎ and Ὧ) as determined by the SHPB tests. The radius of the crushed zone is 

where the measured PPV exceeds PPVc.   

 

Fines Measurement Considering Strain Rate Attenuation within the Crushed Zone  

The size distribution of dynamic fragmentation depends on two factors: the fracturing characteristics 

of the rock and the strain rate [44]. The relative size of the fragments decreases in power law as the strain 

rate increases, meaning that many more fines are generated with closer distance to the blasthole [45]. As 

the first step in measuring the fines amount at a certain point near the blasthole, the strain rate attenuationð

that is, the relationship between the radial distance from the blasthole and the strain rateðwas derived. The 

strain rate at a certain point can be calculated using elastic wave propagation theory [30], as shown in 

Equation 2, and simple harmonic motion [46], as 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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ὥ ςϽ“ϽὺϽὪ [9] 

where ὥ is acceleration (mm/s-2), ὺ is PPV (mm/s-1), and Ὢ = frequency (Hz). 

Based on the PPV prediction model [23] and Equations 2 and 9, strain rate attenuation can be 

expressed as a function of distance from the blasthole, as follows from Equations 10 and 11:  

‐ Ὢὶ ‌Ͻὶ Ⱦ  [10] 

‌
ς“ὪϽὑϽὗ

ωȢψϽὅ
 [11] 

where ‌ is the attenuation rate, ὶ is the radial distance from the blasthole (m), ὑ is the rock transmission 

factor, and ὗ is the explosives charge weight (kg). Assuming the propagating media are the same (that is, 

rock properties are homogeneous), the strain rate is inversely proportional to the cube root of the distance 

from blasthole.   

Kristiansen [47] found the linear relationship between fines generation percentage and specific 

energy. The fines percentage (volumetric percentage of fines from the crushed zone of a single blasthole) 

can be calculated as shown in Equation 12: 

‰ὶ ύ ϽὪὶ ύ  [12] 

where ‰ is the volumetric percentage of fines generated in the blast, ύ  is constant depending on the 

compressive strength of the rock, and ύ  is a constant related to the velocity of detonation (VOD). The 

‰ provides 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 shown in Figure C.4, ‰ refers to the volumetric percentage of 

fines within a single voxel. This value would increase linearly with decreasing distance from blasthole and 
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higher applied strain rate. The slope and intercept in Equation 12 (ύ  and ύ ) can be derived from 

dynamic fragmentation tests conducted using the SHPB at various strain rate levels. 

 
 

Figure C.4. 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 the crushed-zone rock mass and the fines percentage. Therefore, the total amount of fines can 

be derived by integrating all radial sections of a cylinder (Figure C.4) with the radius of the crushed zone, 

as shown in Equation 13: 

ɮ ς“ὶὬ”Ͻ‰ὶ Ὠὶ 
 

[13] 

where ɮ is the total amount of fines generated from the crushed zone of single blasthole, Ὤ is blasthole 

depth,  ” is the density of the rock, ὶ is the radius of blasthole, and ὶ  is the radius of 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 damage model (Equation 6) to estimate the total amount of fines from a 
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single blasthole. This section discusses how SHPB tests were used to derive parameters for estimating ɮð

specifically, Ὧ and ‎ (Equation 8) and the ύ  and ύ  (Equation 12).  

 

Split Hopkinson Pressure Bar 

The SHPB is a standard apparatus for measuring dynamic material properties where the strain rate 

ranges from 100ï103 sï1. It consists of a compression gas gun, striker, and two perfectly aligned steel bars 

(incident and transmitted). The bars and striker are made with 34mm diameter carbon steel that is hardened 

by heat to endure a high loading rate. The detailed schematic setup of the SHPB system is shown in Figure 

C.5. 

 
 

Figure C.5. Schematic SHPB apparatus. 

 

Rock samples are placed between the two steel bars, and the surface between the samples and bar is 

lubricated. The striker is launched via compressed air and its speed is measured using a dual-laser 

transmitter system. The striker impacts the head of 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 propagates through the 

sample while the remainder is reflected back to the incident bar. If induced stress exceeds strength 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 to the transmitted bar. The main assumption of SHPB tests is an equilibrium of 

the stress induced at two surfaces: the surface between the incident bar and the sample and the surface 

between the sample and the transmitted bar (see the ñP1=P2ò notation in Figure C.5). A successful SHPB 

test satisfies the stress equilibrium and can be identified by the wave profile 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 same [35]. Figure C.6, as an example, shows the energy balance 

plot for a granite sample with the energy balance satisfied. 

 

 
Figure C.6. Energy balance plot of a granite sample (In, Re, and Tr stand 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 diameter was 30 mm 

and the sample heights for the compression and Brazilian disc tests 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 striker. Five different strain rates, impact velocities ranging from 5ï25 m/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 secondary failures and were sieved using a vibrating plate. 

Five sieve opening sizesð4.76 mm (4 mesh), 2.00 mm (10 mesh), 1.00 mm (18 mesh), 0.30 mm (50 mesh), 

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

 

Dynamic Rock Strength (Ɑ╬) Measurement using DIF Models 

Baseline tests for static rock properties were initially conducted to compare the effect of applying 

dynamic properties on fines generation estimation, shown in Table C.1. 

Table C.1. Baseline tests for static rock properties. 

Property Sandstone Granite 

Dry Density (g/cm3) 2.25 2.65 

UCS (MPa) 115 192 

Youngôs Modulus (GPa) 22.0 50.2 

P-Wave Velocity (m/s) 3239 4858 

 

The dynamic compressive strengths of the granite and sandstone were then measured using the SHPB. 

Figure C.7 shows the relationship between rock strength dependency on strain rate using DIF. For the static 

range of strain rate (less than 30 sï1), DIF is assumed as a constant of 1, meaning that it remains the same 

with static UCS. For the dynamic range of strain rate (greater than 30 sï1), the DIF trends were assumed to 

follow the power law as suggested in Equation 8.  
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Figure C.7. DIF and strain rate. 

 

 

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

Granite: ὈὍὊπȢςχρψ ‐Ȣ  
 

[14] 

Sandstone: ὈὍὊπȢςρπυ ‐Ȣ  
 

[15] 

 

Using the parameters ‎ and Ὧ obtained from the SHPB tests (Equations 14 and 15), the dynamic 

rock strengths („) in the vicinity of the blastholes can be determined for given static rock strength and 

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

Noted that even though the Coconino Sandstoneôs static strength is lower than that of granite (Table 

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

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

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

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

 

Fines Measurement and Strain Rate  

At the conclusion of SHPB testing, the aftermath rock fragments were collected and sieved to analyze 

the particle size distribution. As shown in Figure C.8, the overall rock fragment size decreased with 

increasing impact velocity (strain rate). It was also observed that the sandstone samples became more friable 

than the granite samples as velocity increased, generating a greater amount of fines. This fits reasonably 

well with the DIF models described above (Equation 15), showing the higher strength of sandstone under 

dynamic loading conditions.  

 

 
 

Figure C.8. Rock fragments with various impact velocities. 
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Figure C.9 shows linear relationships between fines percentage and strain rate. Because of the variety 

of ways to define fines, three sieve sizes (150 ɛm, 300 ɛm, and 1000 ɛm) were investigated in this study. 

As strain rate increases, the percent passing of fines increases for all three sizes.  

 

  
(a) (b) 

 

 

(c)  

 

Figure C.9. Fines amount (percentage) and strain rate with the given sieve opening sizes of (a)150 ɛm, 

(b) 300 ɛm, and (c) 1000 ɛm. 
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In Figure C.9, the slope indicates the fracturing dependency of the rock material on the strain rate, 

with higher slope corresponding to 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 sizes-it was lower for the smaller sieves and higher for the larger ones. Especially at 1000 ɛm, 

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

lower strain rate (less than 500 sï1), showing its low intercept. Intuitively, the low intercept and high slope 

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

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

The linear models, shown in Equation 12, can be established simply using regression analysis. The 

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

and listed in Table C.2.  

 

Table C.2.  ύ  and ύ  for granite and sandstone. 

Fine Size ( ἵ) 
Granite Sandstone 

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 from the crushed zone; consequently, the 

model only considers the crushed zone in fines estimation, since most fines are assumed to originate from 

compressive/shear failures rather than tensile failures [2,10]. To verify this assumption, the fines from 

dynamic compression and tension fracture tests were measured and compared in Figure C.10. Fines 

generation from both breakages was compared by the weight percentage of 150 ɛm fragments of sandstone 

with the kinetic energy (impact energy) of the SHPB striker. Due to the difficulty of calculating the strain 

rate in dynamic Brazilian disc tests, the kinetic energy of striker, instead of strain rate, was used in this 
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study. The fines amount under dynamic tensile breakage was much smaller than that under dynamic 

compressive breakage. 

 

 
 

Figure C.10. Comparison of fines generation (150 ɛm) between compressive and tensile failures. 

 

 

As shown in Figure C.10, the tensile breakage produces only 5ï15% of the fines from compressive 

breakage and increase rate (slope) is five times lower than that of compressive breakage under increasing 

impact energy. Thus, it is reasonable to assume that fines in blasting are generated mainly from compressive 

fractures within the crushed zone. 
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Determination of Crushed Zone Radii and Fines Estimation: A Case Study 

The proposed PPV damage model aims to describe 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 

was analytically simulated and compared with Esenôs CZI [10,23], which is shown in the following: 

ὶ πȢψρςϽὶὅὤὍȢ  [16] 

ὅὤὍ
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where ὶ  is the radius of the crushed zone (mm), ὶ is the radius of the blasthole (mm), ὖ is the shock 

pressure inside of a borehole computed from hydrodynamics (Pa), ὑ is rock stiffness (Pa), and „ᴂ is static 

UCS (Pa). 

Table C.3 lists the rock properties and blasting conditions that were applied for this case study. Rock 

properties were obtained from baseline tests, blasting conditions were referenced from literature reviews 

[10,23], and parameters such as frequency and borehole depth were obtained from a hard-rock mine in 

southern Arizona. 

Table C.3. Parameters for the case study 

 Properties 
Value 

Unit  
Granite Sandstone 

Rock Properties 

P-wave velocity 4858 3239 m/s 

Static UCS  146 115 MPa 

Dynamic Youngôs modulus (Ed) 50.2 27.3 GPa 

Dynamic Poissonôs ratio (ʉ  0.184 0.217 - 

Density 2656 2258 kg/m3 

Blasting Condition 

Transmission factor (K) 400 - 

Frequency (f) 30 Hz 

Borehole radius 0.1 m 

Borehole depth 10 m 

Charging weight (Q) Emulsion: 377, ANFO: 252 kg 

Explosive density [48] Emulsion: 1.0, ANFO: 0.8 g/cc 

VO D [48] Emulsion: 5200, ANFO: 3200 m/s 

Borehole shock pressure (Pb) 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 zone boundaries (radii) were calculated as shown in Table C.4 and 

visualized using the Matplotlib library in Python, as shown in Figure C.11. The plot shows that the 

boundaries depend on the rock mass condition and properties. It also shows the radius of the emulsion 

explosives exceeding that of ANFO, since emulsion-based explosives 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 made the reasonable 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 from pre-existing cracks. The cracks develop individually 

from all disseminated nuclei, causing the higher strength of rock [22]. 

 

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

Rock Type Index Case of Emulsion (m) Case of ANFO (m) 

Granite 

rdyn 0.36 0.30 

rst 0.55 0.44 

rCZI 0.29 0.21 

Sandstone 

rdyn 0.27 0.23 

rst 0.57 0.46 

rCZI 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 calculated using the static PPV model in 

Figure C.11. Considering the DIF increase with increasing strain rate in the dynamic PPV model produced 

a crushed zone radius that was only about half of the static case in Figure C.11. The results showed that the 

radius depends strongly on the dynamic behavior of the rock. For the granite case, the dynamic PPV model 

estimates a crushed zone that is about 1.5 times wider than the one estimated using CZI model, as shown 
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in Figure C.11(a) and Figure C.11(b). For the sandstone case, the crushed zone of the dynamic PPV model 

is slightly narrower than that of CZI model, as shown in Figure C.11(c) and Figure C.11(d) 

.  

  
(a) (b) 

  
(c) (d) 

 

Figure C.11. Visualized boundaries of crushed zones using dynamic PPV, static PPV, and CZI models. 
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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 6 and Equation 13, with the parameters listed in Table C.2 and Table C.3. This simple 

simulation provided the volume and volumetric percentage of fines originating from the crushed zone area, 

as shown in Table C.5.  

 

Table C.5. Fines volume and fines percentage out of the crushed zone area from simulation works.  

Rock Type 
Fines Size 

( ἵ) 
Crushed Zone 

Volume (m3) 

Fines Volume (m3) Volume Percentage (%) 

Emulsion ANFO Emulsion ANFO 

Granite 

150 

3.76 

0.16 0.10 4.29 4.09 

300 0.28 0.18 7.57 7.21 

1000 0.88 0.57 23.29 22.60 

Sandstone 

150 

1.98 

0.51 0.34 25.92 25.29 

300 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 propagated more intensive strain 

waves than the sandstone, generating the higher induced stress and larger boundaries shown in Figure C.11. 

However, 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. However, it is noted that, 

under quasi-static loading, only a few dominant cracks 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 fewer, but larger, fragments 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 flaws [22]. A large number of spread nucleið

inherent flaws or poresðare activated and 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 failure [22]. The authors believe 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 found a function 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 percentage of fines within the crushed zone per hole, as shown in Equation 18: 

ϷὝέὸὥὰ ὊὭὲὩ
Π έὪ ὬέὰὩίὠ    ϷὊὭὲὩ 

ὠ  
 [18] 

For example, assume that todayôs shot includes 100 holes with the condition given in Table C.3. If 

the total volume of the blasted rock is 36,000 m3, and -1 mm fragments are considered fines at this mine, 

then the percentage of total fines can be estimated as shown in Table C.6. Note that, in this study, the 

influence of nearby blasthole detonations was not considered since the distance between holes (burden and 

spacing) in a mine blast is usually much larger (>3 m) than the radius of the crushed zone (approximately 

0.1ï0.4 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 zone of a single blasthole and the fines volume percentage (conversion rate of fines) within 

this zone. Both factors are independent and not always proportional. For example, the sandstone listed in 

Table C.5 has a much higher percentage of fines within the crushed zone than granite (e.g., 43.82% vs. 
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23.29% for the emulsion case in Table 5). However, the volume of the sandstoneôs crushed zone, which 

depends on its dynamic response, is much smaller than that of granite (1.98m3 vs. 3.76m3). Therefore, the 

total percentage of fines did not differ substantially between sandstone (0.299%) and granite (0.232%) in 

Table C.6. 

 

Table C.6. Estimated volumetric fraction of fines generation. 

Rock Type 
Total Fine Percentage (%) 

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 

parametersðburden, spacing, hole diameter, explosives type, etc. For example, using a larger hole diameter 

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

smaller-diameter blastholes with a shorter burden and spacing, a design that offers better energy distribution. 

The smaller hole design may be economically beneficial when considering the effects of blast fragmentation, 

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

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

round in a mine. 

 

Fines Generation and Rock Types 

This work builds on the relationship between strain rate and the mass fraction of fines (Figure C.9). 

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

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

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

dynamic loading, the crack nucleation and activation depend greatly on the number of inherent flawsð

pores, cleavage, etc.ðand their distribution in the rock [44]. Most cracks in granites develop at the 

boundaries of each crystalized grain [4], at a size of around 1000 to 3000 ɛm [49], because the thermal 

expansion coefficient differs between each mineral particle [50]. Hence, granite could exhibit more strain 

rate dependency if fines sizes are defined more coarsely (1000ï3000 ɛm). On the other hand, sandstone 

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 80ï200 ɛm in size for Coconino Sandstone [51]. Therefore, the sandstone produces finer 

fragments than granite at smaller defined fines sizes (150ï300 ɛm). 

 

Challenges and Future Works 

The proposed PPV model simplifies the complex blast vibration and fragmentation 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 explosivesðwhere the pulverized area lies just a few 

centimeters from the blastholeðis governed not only by simple strain-rate propagation but also by 

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

Second, PPV is a vibrational response to the incoming strain 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 single-degree-of-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 and then 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 fines than a conventional charge design because it could produce 

more micro-structural 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 Holmberg-Persson model) or, as is the case for this 

study, they involve extrapolating the far-field model. Note that, although still premature, the high-speed 

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 could be used to verify 

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 laboratory experiments 

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 statistical reliability. Likewise, verifying the model results at an actual mine 

site will be key to field applications. Several challenges must be overcome to ground-truth the fines 

generation after a blast (rather than estimate this from size-distribution functions). 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 high-speed interferometric radar or an airborne high-speed 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 approachða dynamic PPV damage modelðto estimate fines generation. 

Previous 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 induced stress) 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 control or 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 tailings 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 these concerns, this study examined the effectiveness of commercially available polymers, 

known for their biocompatible and environmentally friendly features, to prevent dust generation from 

upstream-type TSFs in active mining operations. It focused on two areas in TSFs: the tailings beach and 

slope/dike surfaces. Two types of polymersðpolyethylene glycol and poloxamerðwere selected, and their 

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

The lab tests investigated the moisture-retention capacity of the tailings after treatment with the 

polymer solutions as well as the ability of these solutions to reduce dust emissions. Polymers were applied 

to a tailings bed surface in the lab and dust was generated from this surface using a wind tunnel. PM10 and 

PM2.5 concentrations were measured using laser-diffraction dust sensors, and the polymers were found to 

have reduced dust emissions up to 95%. 

Small-scale wind-blowing tests were conducted in the field (specifically, in a controlled environment 

at a TSF) to evaluate polymer effectiveness on the tailings 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 the top of 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 feasible solution for reducing the respirable dust emissions from upstream 

TSFs in arid and semi-arid regions.  
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D.1. Introduction  

Tailings are a byproduct of hard-rock mining operations. They consist of the fine-sized powder that 

remains after valuable minerals are extracted from the rock. In the U.S., mines produce over 1 million tons 

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 suspended fine particles or 

dusts travel off-site, residents can directly inhale them or indirectly involve them in deposition onto soil or 

living areas. 

Respirable sizes (<10 ‘ά) of tailings dust, primarily composed of quartz or free silica (SiO2), may 

cause silicosis, chronic pulmonary disease, bronchitis, collagen vascular diseases, and chronic 

granulomatous infections [1]. TSF dust may be significantly more deleterious to human health and the 

surrounding ecosystem when associated with contaminants originating from mineral extraction processesð

chemical additives, metals, and metalloids [2]. Dusts from natural sources, such as playa or desert areas, 

pose a lower risk since they contain relatively low concentrations of contaminants; however, silica-

containing dusts can still negatively impact public health [3,4]. TSFs in an active mine are known to be one 

of the most detrimental dust sources to human health and the environment, as shown in Figure D.1. 

TSFs are also known to contain more respirable dusts than natural sands [5]; about 25% of the mass 

fraction of tailings from a hard-rock mine consists of particles of a respirable size [6]. Because of the 

pathological effects of respirable dusts on human health, the U.S. Environmental Protection Agency (EPA) 

has progressively addressed regulations based on National Ambient Air Quality Standards (NAAQS). The 

NAAQS limits the concentration of particulate matter under 10‘ά (PM10) to 150 ‘ὫȾά and under 2.5 ‘ά 

(PM2.5) to 35 ‘ὫȾά  based on 24 hours of exposure [7]. Many researchers have measured PM10 and 

PM2.5 concentrations to identify the health effects of respirable dust transportation from mining activities 

[8-11]. For communities located in arid and semi-arid areas, where dust storms are frequent, the transport 
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of TSF dust may be of particular concern because of its high erodability and finer mean particle size [12], 

which facilitates travel up to hundreds of kilometers. 

 
 

Figure D.1. Various natural and anthropogenic dust sources and their potential risks to human health 

[2].  

 

Sources of TSF Dust 

This study focuses on dust generation from an active upstream-type TSF, the most popular type in 

the world because of its simple construction and cost benefits. Dust from active, upstream TSFs originates 

from three main sourcesðthe tailings beach, slope/dike areas, and haul roadsðas shown in Figure D.2. 

This study examines dusts from tailings beach and slope/dike areas.  

The tailings beach area is generally a primary concern for TSF dust control [13]. Beaches extend 

from a discharge point (or spigot) near the dike to the decant pond, over lengths of up to several thousand 

meters. It is important to manage the distance between the beach and discharge point to control the phreatic 

(water) surface and ensure stability in upstream TSFs. Once the tailings slurry is discharged, segregation 

occurs, and coarser silt materials are deposited close to the spigot while finer clay materials are deposited 

near the pond area. When the moisture in the tailings evaporates and the phreatic surface drops, the beach 
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surface becomes dry and susceptible to wind erosion [14]. In particular, aeolian processes such as 

aerodynamic entrainment and saltation bombardment actively suspend the fine tailings dust particles from 

the silt-deposited area in the beach [13]. In addition, desiccation cracks generated at the beach area are also 

a significant dust source [14].  

 

 
 

Figure D.2. Three main dust sources in upstream-type TSFs. Note that this study does not consider dust 

control for haul roads. 

 

The slope/dike areas in an upstream TSF consist mostly of coarse particles, which can be susceptible 

to wind erosion once dried [15]. For safety reasons, most upstream-type TSFs are designed to keep the 

beach zones at a distance; however, this creates dried zones and generates dust. Currently, the mining 

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

Á Various methods have been used to mitigate dust generation from TSFs [16]:  

Á Spraying water on the dust sources 

Á Physically covering the dust sources with gravel, soil, and other synthetic materials 

Á Stabilizing the dust with vegetation or employing phytostabilization methods 

Á Stabilizing the dust using chemical suppressants 

 

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 prevents the suspension of fine particles in the air [18]. However, spraying 

requires large amounts of water, a burden to mine operations in arid and semi-arid areas. In addition, the 

effectiveness of spraying is short-lived due to high evaporation rates. Physically covering 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 suppress dust from stockpiles, haul 

roads, and active / inactive TSFs; however, many of the currently used agents pose environmental concerns 

and are economically infeasible [19]. For example, hygroscopic chemicalsðsuch as magnesium chloride 

(MgCl2) and calcium chloride (CaCl2)ðare 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 

accelerate corrosion in mine machinery and negatively impact nearby vegetation and water resources by 

increasing ground salinity [21].  

Various synthetic and natural polymers have been investigated recently to find environmentally 

friendly, cost-efficient dust suppressants for TSFs. Synthetic polymers, such as acrylic polymers, have been 

popular 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 more water retention, penetration 

resistance, and wind erosion resistance. This polymer is also effective on wind erosion of fine desert sand 

[24]. However, it forms sodium sulfate, which can reduce the polymerôs effectiveness significantly, peeling 

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

Natural or biopolymers occur in nature or can be extracted from natural sources that are 

biodegradable and environmentally friendly. Recently, researches have targeted biopolymers such as 

xanthan gum and guar gum [16, 23] to prove their effectiveness on dust suppression in TSFs by 

implementing a series of tests (water retention, penetration, wind tunnel, strength, etc.). 

 

Biocompatible Polymers 

The objective of this study was to investigate the efficacy of biocompatible polymers that exhibit 

lower toxicity to animals and humans and can be considered ñenvironmentally friendlyò [25, 26]. In this 

study, two biocompatible polymersðpolyethylene glycol (PEG) and poloxamer (PLX)ðwere selected and 

tested to examine their efficiency and feasibility. A new spraying technology was also evaluated for 

controlling dust generation from a TSF beach. Note that the patent process is currently underway for both 

polymers for dust control use (Provisional Patent U.S. Application No. 62/571,115) and for a new spraying 

system to apply the polymer on the TSF beach. This study was divided into two main phases: 

Á Investigating the potential of selected polymers as dust suppressants at the laboratory scale. This 

phase included a polymer and water retention test and a bench-scale wind tunnel test. 

Á Performing field tests (small- and large-scale) with the selected polymer. This phase entailed 

spraying the selected polymer solution on the tailings beach at a TSF in an operating mid-sized 

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

Biocompatible Polymers and Testing Sites 

Two types of biocompatible polymersðpolyethylene glycol (PEG) and poloxamer (PLX)ðwere 

examined to assess their potential as tailings dust suppressants and stabilizers. 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 polymer (AP) consisting of two polyethylene oxide blocks on both sides of 

polypropylene oxide chain.  

A series of tests were performed with samples collected from TSFs at an open-pit copper mine in 

Arizona. The climate of the study area is classified as a semi-arid, with 632.5 mm of average annual 

precipitation from 2010ï2018 [27]. The wind speed in this region is relatively higher than typical urban 

areas: average 12 km/h and maximum 25ï40 km/h [27]. A community that lies only 1 km from the TSFs, 

along the dominant wind direction, has been affected by the dust generated from exploitation activities at 

the mine [11]. A large portion of this local communityôs population is elderly people, who can be especially 

sensitive to particulates. According to historical data from an air quality monitoring station operated by 

Pima County Department of Environmental Quality from January 2017ïAugust 2018 (20 months), levels 

of PM10 have been elevated over 150 ‘ὫȾά  on 15 days and levels of PM2.5 have been elevated over 35 

‘ὫȾά  on 5 days [28]. Csavina et al. [11] found, however, that the average dust concentration under various 

wind speeds near the study area was as high as 100ï200 ‘ὫȾά  for PM10 and 50ï150 ‘ὫȾά  for PM2.5, 

depending on the location of measurement station. 

Two types of tailings samples were collected from the testing site. Fresh tailings were sampled from 

the pumping system near the thickeners (where dewatering occurs just before tailings are transported 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 tailings from this mine is 120 
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‘m and the primary component (65%) is quartz or free silica (SiO2) [29]. 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 tests were conducted to evaluate the moisture-retention 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 and generates less dust [30]. Five samples were 

prepared. For each, 150g of dried tailings 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 capacitive soil moisture sensors, which measure the dielectric 

constant of the tailings, an electrical property that relies largely on moisture content [31]. Water content 

was measured for 100 hours as shown in Figure D.3. Note that the sensor only records changes in water 

contentðnot changes in the polymer.  

 
Figure D.3. Changes in relative water content with exposure time. The reference value of the relative 

water content is set when the surface water evaporated. 
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The water content of the non-treated sample decreased the fastest, reaching a 30% reduction after 

100 hours. Adding the polymer solution increased the water-retention capacity, particularly for the AP 

solution: water content decreased only 4% when 2% AP solution was applied, and only 2% when 10% 

solution was applied. 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, promising long-term effectiveness for dust 

mitigation. 

 

UV Resistance Test 

Resistance to ultraviolet (UV) light is essential for the long-term performance of the polymer under 

sunlight exposure. UV radiation could break the polymer structure and degrade its efficiency. The effect of 

UV light on the structure of the polymers was investigated using UV-A (wavelength of near 360) light 

emitter. To test this resistance, 5 ml of the polymer was added to the tailings surface and this surface was 

exposed under UV-A light for 2 weeks. An attenuated total reflectanceïFourier transform infrared 

spectroscopy (ATR-FTIR) analysis was performed on the treated surface three times: before exposure, after 

1 week of exposure, and after 2 weeks of exposure. ATR-FTIR indicates the types of bonds on each sample 

based on their absorbing wavelength and transmittance.  
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(a) (b) 

 

Figure D.4. Relative transmittance versus wavenumber by FTIR analysis of HP(a) and AP(b). 

 

Graphs of relative transmittance vs. wavenumber for both AP and HP on the treated tailings surface 

are shown in Figure D.4. Neither polymer showed remarkable changes in either the magnitude of 

transmittance or the peak locations (Figure D.4), indicating that they are sufficiently resistant to UV light, 

at least after 2 weeks of continuous exposure.  

 

Bench-Scale Wind Tunnel Test 

For over six decades, the wind tunnel has been one of the most viable approaches to simulate the 

characteristics of surface erosion and the aeolian process of dust emission [4]. The objective of this wind 

tunnel test was to simulate dust emission from a tailings beach at the study area under extreme wind 

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

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

To investigate the erodibility of the beach surface under repeated gusts, the beach was subjected to ten 

rounds of ñwind blow and settlement.ò Each round lasted 1 minute and consisted of 3 seconds of wind blow 

and 57 seconds of dust settlement. 

Tailings samples were prepared for the bench-scale test from the active TSF. To mimic field 

conditions and the new spraying method, the tailings bed was created first and the slurry (with polymer 

solution) was discharged on top. To construct the bed, 2000 g of dried tailings powder was contained in an 

aluminum tray (43 x 31 x 6.5 cm) and mixed with 500 ml of water. The mixture was dried for 168 hours at 

40oC, and then 400 ml of fresh tailings was initially spread on top of the tailings bed. An additional 200 ml 

of fresh tailings was then applied on the surface with varying solutions of AP and HP polymer (0.5, 1, 2, 5, 

and 10 vol%). Each sample was dried at 40oC in a digitally controlled oven for 2 weeks, and dust generation 

from the surface was investigated using the wind tunnel as shown in Figure D.5. The dust was detected 

using an SDS-021 sensor and recorded by Raspberry Pi.  

 
 

Figure D.5. Wind tunnel test setup. 

 

The tailings bed was placed on the slope to easily suspend the dusts into the air (Figure D.5), and 

PM10 and PM2.5 concentrations were measured at the ceiling using the SDS-021 sensor, which emits a 
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laser and interprets the particle size and concentration via diffraction. The data was sampled at 1 Hz with 

the precision of 1 ‘ὫȾά . 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 tunnel. At the beach surface, tailings 

are consolidated and settled by water, which creates a relatively hard crust at the outer surface when the 

slurry dries. Respirable dust suspension (common in particle sizes less than 70) is more predominant than 

particle saltation (common in particle sizes of 70ï500) [33] in this case. Thus, the weight loss by the tailings 

beach might be extremely minor, requiring a very precise scale and evaporation control for measurement. 

On the other hand, a sensor could easily detect the suspended dust particles in a short time. Furthermore, 

sensors are portable and flexible enough to measure dust generation in both the laboratory and the field. 

The measured value is compliant with EPA regulations.  

 

  
(a) (b) 

 

Figure D.6. Wind-tunnel test results for various HP and AP concentrations:  

(a) PM10 dust concentration; (b) PM2.5 dust concentration. 

 

Figure D.6 shows the relationship between the polymer (HP and AP) concentrations and dust 

generation from the tailings bed surfaceðspecifically, it shows the peak PM10 and PM2.5 dust 
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concentration versus the various HP and AP polymer concentrations, from 0.1ï10.0 vol%. The average dust 

concentrations for PM10 and PM2.5 of water-only treated samples were 442.2 ‘ὫȾά and 84.8 

‘ὫȾά respectively. The dust concentration decreased until 5% of polymer solution and both PM10 and 

PM2.5 showed similar trends; however, in the 0.1ï5% range, AP performed better than HP. Almost 95% 

of dust generation (PM10 and PM2.5) was reduced by the 5% AP solution. However, at the 10% 

concentration, the dust concentration bounded up for both HP 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 insoluble polymer particles at the top of the beach surface. More studies are required to determine the 

cause of this. 

 

Small-Scale Field Tests 

Before performing a large-scale test, small-scale field tests were conducted at an inactive TSF at the 

study site. The objective was to investigate dust generation from the tailings beach and slope/dike areas 

under the same conditions as the TSF at the testing site. Six raised garden bed frames (90 x 90 x 20 cm) 

were installed on the TSF to create the tailings beach (Figure D.7(a)). Before placing the frames, the top 

surface of the testing site was removed. To mimic the new spraying technology, 3 liters of fresh tailings 

were discharged inside the raised garden and water was allowed to drain into the ground for an hour. Next, 

1 liter of fresh tailings was mixed with various amounts of the polymers and applied as follows: fresh 

tailings only (as a reference for comparison), 2% and 5% HP solution, and 2% and 5% AP solution.  

The tailings were allowed to dry for 2 weeks. No precipitation occurred during this period. Wind-

blowing tests were then conducted using an electric blower to measure the PM10 and PM2.5 generations 

as shown in Figure D.7(b). The wind speed was set at the same level (40 km/h) as for the laboratory wind-

tunnel test, and the SDS-021 dust sensor was used to measure the PM10 and PM2.5 concentrations. To 

examine the long-term performance of the polymer solutions as a surface stabilizer, 10 wind-blowing 
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rounds were conducted, each consisting of 10 seconds of blowing and 50 seconds of settlement. Because 

dust had migrated from external sources during the drying process, measurements were high during the 

initial rounds. However, after two or three rounds, the dust measurements became stable, reflecting only 

the treated surface characteristics. 

 

 
(a) 

 

  
(b) (c) 

 

Figure D.7. (a) Six raised garden frames located at the inactive TSF in a study mine, (b) wind-blow tests 

on the dried tailings in the raised garden, and (c) wind-blow tests on the tailings slope/dike 

 
























