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ABSTRACT 

Mine tailings are inevitable by-products of hardrock mining and its disposal is 

possibly the most daunting challenge faced by the mining industry. Discharging mine 

tailings into tailings ponds is receiving increasing scrutiny from society and government 

due to its intrinsic drawbacks, such as occupying a vast amount of land, contaminating 

the atmosphere, and being a potential hazard to adjacent communities. The emergence of 

cemented paste backfill (CPB) technology has the potential to substantially alter the way 

mine tailings are managed. CPB, which consists of full stream tailings, water, and a small 

percentage of binders, has enabled improvements in tailings disposal, underground 

working conditions and mine closure activities. 

A myriad of experiments has been performed to investigate the process performance 

of CPB, allowing for the collection of datasets for various procedures in CPB design. 

Furthermore, real-time monitoring and inspection techniques continuously produce huge 

amounts of data during operations. These resulting datasets are not fully utilised at present 

due to the lack of tools capable of finding and describing correlations from past 

observations. Machine-learning (ML) algorithms, which out-perform human beings when 

dealing with a large or high-dimensional dataset, can be a suitable approach in extracting 

information from these CPB datasets.  

Thus, the objective of this thesis is to lay the foundations for the use of ML algorithms 

in CPB design. Towards this end, a state-of-the-art concept for CPB design is proposed, 

namely the ML aided design for CPB (MLAD_CPB). In such a design framework, ML 

techniques are either integrated into the CPB design process in a predictive sense or are 

used to find the internal relationships within the data. The feasibility of MLAD_CPB is 

validated through three example applications of ML algorithms in CPB design. The 
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methodology for these applications is proposed, including dataset preparation, cross-

validation, hyper-parameters tuning and performance evaluation. 

A detailed discussion about three example applications is presented. The first 

application adapts the gradient boosting regression tree to predict the flocculation 

performance in CPB design, paving a new way for flocculation and sedimentation 

analysis. The second application investigates the use of several well-recognised ML 

algorithms in the prediction of CPB mechanical properties and the constitutive modelling 

of CPB. The third application focuses on CPB pipe transport, where pressure drops were 

investigated in both experimental and modelling ways. For all three example applications, 

laboratory experiments and ML modelling setups are presented. The predictive 

performance of ML algorithms is discussed and the relative importance of influencing 

variables is investigated. 

This thesis presents a number of advances in CPB design, which, with further 

consolidation and refinement, may become important tools in predicting process 

parameters starting from constituent materials of CPB. Future research is recommended 

to improve the performance of ML algorithms through international database 

collaboration, interface design, and the adaptation of more advanced ML techniques. It is 

believed that the concept of MLAD_CPB can also be utilised in condition monitoring, 

equipment activity recognition and automated inspection, promoting the establishment of 

an integrated CPB design framework. 
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1 INTRODUCTION 

This chapter sets the scene. It starts with a brief introduction to tailings management, 

cemented paste backfill (CPB) and machine-learning (ML). Then, my motivations for 

undertaking this work are presented and why the area of research is important is explained. 

This chapter continues with the research objectives and outlook. The expected 

contributions to the state-of-the-art are then summarized. The chapter finishes with an 

annotated guide to each chapter in this thesis. 

 

1.1 Background 

1.1.1 Tailings management 

The contribution of minerals extraction to the world economy through the provision 

of raw materials cannot be underestimated. The extraction starts with a mining operation, 

where precious minerals are excavated with a large amount of unwanted material that is 

regarded as waste. The waste-to-product ratio during mining operations is often 100:1 in 

volume, or even 1,000,000:1, which will be further increased when lower-grade orebodies 

are excavated (Dudeney et al., 2013). The precious minerals are extracted from the mined 

ores in the mill using different mineral processing and hydrometallurgical techniques. 

After that, the tailings stream is produced by combining the mill rejects and residuals. 

Since the Stone Age, more than 1,150 million tons of heavy metals (Cd, Co, Cr, Cu, Pb, 

and Zn) have been produced (Sheoran and Sheoran, 2006), generating a considerable 

amount of mine tailings. It is estimated that the production rate of mine tailings ranges 

between 5 to 7 billion tonnes per year worldwide (Edraki et al., 2014). Table 1-1 

summarises the amount of tailings generated during the production of several minerals. 

At present, mine tailings are often discharged into tailings ponds for its cost-efficiency 

and convenience, where solids and liquids are separated by gravity. Given sufficient time, 
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the nearly solids-free supernatant can be recycled. However, direct disposal into tailings 

ponds cannot be widely used in the modern era due to its intrinsic drawbacks. Firstly, 

tailings ponds occupy a vast amount of land, contradicting urban development and 

environmental protection imperatives. Taking Alberta, Canada as an example, at least 130 

km2 was needed for the tailings slurry impoundment in 2011. Secondly, tailings ponds 

are prone to failure due to the lack of control of water balance, the lack of control of 

construction and the lack of understanding of safe operations (Fourie, 2009). Figure 1-1 

shows the number of major tailings ponds failure and occurrence countries from 1960 to 

August 2018. Other detrimental influences of tailings ponds include, but are not limited 

to, contaminating the atmosphere through oxidation and weathering, polluting the land 

through tailings seepage and contaminating groundwater through heavy metal leaching. 

Table 1-1 Tailings generated during the production of several minerals. 

Minerals Tailings generated References 

Alumina 1-2 tons of bauxite residue per ton of alumina 

product or 4 tons per finished alumina. 

(Jones and Haynes, 

2011; Kumar et al., 

2006) 

Bitumen 3.3 cubic meters of tailings per cubic meter of 

bitumen (after approximate 70% of water is 

recycled from the fresh tailings). 

(Masliyah et al., 

2011) 

Coal 70-120 kg of dry tailings per ton of coal. (Wang et al., 2014) 

Copper 128-196 tons of combined tailings per ton of 

copper. 

(Gordon, 2002) 

Manganese 6-9 tons of residue per ton of manganese. (Duan et al., 2010) 

For the above reasons, the disposal of tailings has received increasing scrutiny from 

society and government, possibly making it the most daunting challenge faced by the 

mining industry. According to the Mine Waste Directive (MWD), no mines can operate 

in the European Union without a waste management plan permitted by the competent 

authorities (Dudeney et al., 2013). In Alberta, Canada, the Directive 74 issued by Energy 

Resources Conservation Board (ERCB) in 2009 stipulated stringent regulations for oil 

sands tailings. To be more specific, oil sands tailings were required to be ready for 

reclamation five years after deposition with a minimum undrained shear strength of 10 

kPa (Botha and Soares, 2015), although it should be noted that Directive 74 has since 
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been superseded. In China, the Environmental Protection Tax Law (CLI.2.307655) levies 

15 RMB/ton for surface-disposed tailings that exceed the maximum allowable capacity 

of the tailings ponds.  

 

Figure 1-1 Tailings ponds failures from 1960 to August 2018: (a) by year, (b) by 

country1. 

The emergence of the cemented paste backfill (CPB) technology has the potential to 

substantially alter and enhance the role of tailings in the mining industry. The main 

constituents of CPB are dewatered mine tailings (70-85% solids by weight), hydraulic 

binders (3-7% by dry paste weight) and mixing water (fresh or processed) (Fall et al., 

2009). In some cases, waste rocks and admixtures (i.e. superplasticisers) are used to 

improve the particle size distribution (PSD) and consistency (Hane et al., 2017; Yang et 

al., 2018b). CPB can promote the safe disposal of tailings, reduce surface subsidence, 

 

1 The data are collect from http://www.wise-uranium.org/mdaf.html, where a total of 117 tailings 

ponds failures are recorded. 
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decrease rehabilitation cost, and provide ground support, which conventional tailings 

disposal methods either cannot solve or can achieve solely at great operational cost. Since 

its introduction, the CPB technology has not only been widely used in mine tailings 

management but also used in solids waste recycling (Chen et al., 2018; Sun et al., 2018; 

Yilmaz et al., 2018), metal speciation (Vespa et al., 2006, 2007), and coal fire control 

(Masniyom and Hai, 2017). 

1.1.2 Cemented paste backfill 

With increasing adoption, waste material is backfilled into underground voids or open 

pits after the precious minerals are extracted. Such backfill practice has been well adopted 

in various mining methods, i.e. cut-and-fill (Henderson et al., 1998), sublevel opening 

stoping (Emad et al., 2015), and open pit mining (Lu et al., 2018). Backfill has proven to 

be an environmental-friendly, cost-efficient and mature method for permanent 

management of mine waste (Potvin et al., 2005). Furthermore, it can provide passive 

support and stabilise the surrounding rock mass. There are generally three types of 

backfill methods, including rock fill, hydraulic fill and paste fill. As cement is often used 

in paste fill practice, it is also referred to as cemented paste backfill (CPB). Figure 1-2 

illustrates the evolution of mine backfill technology indicated in (Hustrulid et al., 2001). 

 

Figure 1-2 History of mine backfill. 

CPB falls into a broad category of thickened tailings, which was first proposed by  

Robinsky in the mid-1970s for the surface disposal of concentrated tailings (Robinsky, 

1975). The first underground CPB was implemented at the Bad Grund Mine in Germany 

in 1979, which employed the fine mill rejects aggregate and silty filtered tailings as its 

main constituents. The Hecla Mining Company then adopted CPB in their Lucky Friday 

Mine, USA. Later, CPB was successfully used in several Canadian and Australian mines 

in the 1990s, enabling it to be a viable alternative for rock fill and hydraulic fill (Rankine 
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and Sivakugan, 2007). In China, paste technology was initiated by the Jinchuan Group 

Co. in 1996. In 2006, the application of CPB in China witnessed an important stride when 

the first deep-cone thickening paste backfill system was introduced in Huize Lead-Zinc 

Deposit (Wu et al., 2017a).  

In recent years, CPB is receiving more attention from both academia and industry due 

to its technical, environmental and economical benefits (Figure 1-3). The advantages of 

CPB is summarised as the following: (1) reclaim water, process reagents, and energy; (2) 

maximise the density of mine tailings, thus, minimise the footprints of surface tailings 

ponds; (3) minimise the risk of tailings ponds failure; (4) increase ore recovery rate and 

decrease ore dilution; (5) increase mining safety, efficiency and productivity due to 

increased stability of underground voids (Belem et al., 2002; Deb et al., 2017; Edraki et 

al., 2014). A major drawback of CPB is the relatively high operational cost. The 

expenditure of CPB can constitute up to 20% of all mining costs, among which the 

provision of cement can take up approximately 75% of the CPB cost (Edraki et al., 2014). 

Thus, a main direction of CPB research is identifying potential cost savings, which cannot 

be achieved without an improved CPB design. 

 

Figure 1-3 Appearance frequency of papers searched on Web of Science using the 

cemented paste backfill as the topic (from 1900 to 30/10/2018). 

1.1.3 Machine-learning 

Machine-learning (ML), as a branch of artificial intelligence (AI), is one of the 

directors of the next future plateau. The combination of AI and big data has been referred 
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to as the ‘fourth paradigm of science’ and the ‘fourth industrial revolution’ (Agrawal and 

Choudhary, 2016; Butler et al., 2018). In ML, we do not program computers explicitly to 

solve problems; instead, computers can learn how to solve a problem themselves by 

learning from data. In this way, ML can be applied in a predictive sense or can be used to 

find the internal relationships within a dataset. 

The main idea behind ML is to mimic human pattern recognition processes. ML 

models are constructed using a dataset of past evidence with the aim of explaining these 

observations. As we know, it is often difficult for a human being to construct models for 

a large or high-dimensional dataset. However, ML way out-performs human beings in 

this regime, enabling it the capability to make use of a large amount of data. In recent 

years, data have been continuously accumulated, potentially making ML a suitable 

approach in information extraction from the data. Therefore, ML has been successfully 

utilised in a wide range of applications and will witness an increasing growth shortly. 

In summary, ML is advantageous in modelling relationships, especially multi-

dimensional, non-linear relationships, within the dataset. New knowledge can be 

discovered and prediction into the future can be performed. However, the wide 

application of ML in CPB is limited, primarily, by the dataset collection. Before the 

industrial application of ML in CPB, datasets need to be large enough and the 

generalisation capability of ML prediction should be carefully validated. 

1.2 Motivations 

At present, the CPB design process is heavily dependent on experiments. For each 

type of mine tailings, a large amount of laboratory or in-situ experiments need to be 

performed. This kind of CPB design is not only labour-intensive and time-consuming, 

but also wastes a lot of material. Furthermore, the experimental results are, in most cases, 

only used during the CPB design for one type of tailings. Few attempts have been devoted 

to analyse the results together and find potential overall patterns within the data. 

This thesis is motivated to incorporate ML algorithms into the CPB design process. 

A new design framework, that is ML aided design for CPB (MLAD_CPB), is thus 

proposed. In the current implementation of MLAD_CPB, the feasibility of ML algorithms 

is investigated for predicting experimental results. However, the concept of MLAD_CPB 
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goes way beyond this, including but not being limited to real-time monitoring and 

optimisation. Moreover, the trained ML models can provide us with some knowledge that 

cannot be obtained by human inspection, which will also be discussed in this thesis. 

Another motivation of this thesis is associated with ML algorithms themselves. 

Dataset preparation, ML algorithms selection, and hyper-parameters tuning are presented 

in this thesis. As the application of ML in CPB is not thoroughly presented in the literature, 

this thesis helps in standardizing the application procedures. Also, the obtained results 

can provide more confidence to mine practitioners in MLAD_CPB, and in turn promote 

the application of CPB in the near future. 

1.3 Research objectives and outlook 

The thesis research question is: ‘Can we improve CPB design through the application 

of ML?’ or ‘Is it secure to embrace the concept of MLAD_CPB?’ Towards this end, the 

research is undertaken with the objectives of: 

• Developing a new design framework for CPB, namely the MLAD_CPB, by 

integrating ML algorithms into the CPB design process. 

• Assessing the feasibility of ML algorithms in modelling experimental results 

on example datasets. 

• Investigating the flocculation and sedimentation, unconfined compressive 

strength and pressure drop during pipe transport of CPB for a wide range of 

conditions. 

• Analysing bonus knowledge obtained from the trained ML models, such as 

the relative importance of influencing variables. 

If mine practitioners have the enthusiasm in applying ML algorithms to extract 

relationships from the rich history of experiments, more optimised CPB design might be 

obtained.  In a more specific application, by replacing extensive experiments using ML 

predictions, labour or finance costs related to these experiments can be saved. Also, CPB 

design can be accelerated as ideas could be pursued, tested, and accepted or rejected at 

very early stages of the CPB design. An integrated CPB design is possible with the help 

of MLAD_CPB to determine the global optimum process parameters. Good control of 
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underground environments would be obtained, and better, safer and more economical 

CPB designs for the mine site would be possible. 

1.4 Summary of contributions 

To achieve the research objectives above, this work presents a series of contributions 

to construction, training and evaluation of ML algorithms on example datasets in CPB 

design processes. These contributions are briefly summarised here: 

• The proposal of a new design framework for CPB, namely the MLAD_CPB, 

by incorporating ML algorithms into the CPB design process. 

• The experimental investigation of flocculation and sedimentation, unconfined 

compressive strength and pressure drop under the coupled effects of multiple 

factors. 

• The combination of ML and optimisation algorithms for the efficient 

application of ML algorithms in CPB design.  

• The identification of appropriate dataset preparation techniques prior to the 

application of ML algorithms in MLAD_CPB, including dataset collection, 

dataset pre-processing and dataset splitting. 

• A comparison and selection of metrics for the performance measurement of 

ML algorithms. 

• The comparison and selection of appropriate ML algorithms and their 

associated hyper-parameters, on example datasets. 

• The identification of relative importances of influencing variables obtained 

from the trained ML models and the significance of relative importances for 

future research. 

1.5 Thesis organisation 

This thesis is divided into four major parts: Part I and Part II covers a general 

introduction and the background of this thesis; Part III applies ML algorithms to three 

example datasets; Part IV summarises the main findings of this thesis and suggests future 

research. A brief introduction to each part/chapter is presented below.  
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PART I – INTRODUCTION 

CHAPTER 1 – INTRODUCTION 

This chapter provides a general introduction to the thesis. 

PART II – BACKGROUND 

CHAPTER 2 – REVIEW OF LITERATURE 

This chapter provides a review of three major processes in CPB design, namely 

flocculation and sedimentation, CPB mix design and CPB pipe transport. The literature 

review is to provide readers with the necessary knowledge to understand the following 

chapters, especially the application chapters in Part III. Also, this chapter confirms the 

CPB design is currently experiment-based, thus intensifying the necessity of this research. 

CHAPTER 3 – MACHINE-LEARNING AIDED CPB DESIGN 

This chapter describes the central concept of machine-learning aided design for CPB 

(MLAD_CPB). A brief introduction to ML and the utilised ML and optimisation 

algorithms is provided. The essence of MLAD_CPB, the methodology, is presented, 

including dataset preparation, cross-validation, hyper-parameters tuning and performance 

evaluation. 

PART III – APPLICATIONS 

Chapters 4-6 are included in part III, which present the application of MLAD_CPB 

in flocculation and sedimentation (FS), CPB mix design, and CPB pipe transport, 

respectively. In each chapter, materials and experiments are introduced and the ML 

modelling setup is provided. Though laboratory results are briefly analysed, the example 

applications focus mainly on the performance of ML modelling. Contribution and 

limitations of the current investigation are presented for FS and CPB pipe transport and a 

summary is provided for each chapter. 

PART IV – CONCLUSIONS 

CHAPTER 7 – CONCLUDING REMARKS 
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Chapter 7 summarises the key findings of this thesis and discusses likely future 

directions of the field. 
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2 REVIEW OF LITERATURE 

This chapter is a survey and critical assessment of related work. The literature review 

is undertaken for all three major processes in CPB design, namely, flocculation and 

sedimentation, CPB mix design and CPB pipe transport. This chapter is intended to 

provide the technical background under which the Part III – Applications is conducted. 

 

2.1 Introduction 

As discussed before, CPB typically consists of mine tailings, binders and water. Mine 

tailings come from the mill, where the residues are filtered or dewatered, perhaps with 

the aid of flocculants. Such a process is often referred to as flocculation and sedimentation 

(FS) in CPB design, which will provide dewatered mine tailings (DMT) with a solids 

content of 70-85 wt.% (weight percent).  

Crushed waste rock is sometimes added to DMT for PSD modification before the 

DMT is mixed with binders and water. The most widely used binder is ordinary Portland 

cement (OPC). In backfill practice, OPC can be partly replaced or used together with 

other additives for cost saving, such as lime, fly ash, slag, or other alkaline catalysts (Xue 

et al., 2018). The determination of a suitable proportion of each constituent to produce 

CPB with the required mechanical properties is known as CPB mix design in the literature 

(Belem and Benzaazoua, 2008).  

Finally, fresh CPB slurry is prepared at the mine surface and transported to 

underground voids using reticulated pipelines, which is denoted as CPB pipe transport 

(Belem and Benzaazoua, 2008; Qi et al., 2018b). Figure 2-1 illustrates an example CPB 

design with emphasis on FS, CPB mix design and CPB pipe transport. It needs to be noted 

that the in-situ application of CPB is far more complex than the one shown in Figure 2-1. 



  REVIEW OF LITERATURE | 2-2 

 

For instance, the thickener and filter is connected by a holding or surge tank and other 

chemical additives (i.e. fly ash) might be used. 

 

Figure 2-1 An example CPB design (modified after Qi et al., 2018c).  

In the past decades, several detailed reviews about CPB and mine tailings 

management have been written, such as (Belem and Benzaazoua, 2008) and (Wu et al., 

2017a). These reviews, though significant at the time they were published, are either not 

up-to-date or lack some essential processes in CPB design, such as FS. Therefore, this 

chapter attempts to provide an updated picture of the state-of-the-art of the above-

mentioned three major processes in CPB design. Notably, there are other processes 

involved in CPB design, such as the required strength of CPB and the barricade design, 

which are not extensively covered here due to the current emphasis of this thesis. A brief 

introduction to each process is provided, and interested readers are referred to 

representative papers (Table 2-1) for more detailed information. 

2.2 Flocculation and sedimentation 

The fresh tailings stream produced by the mill is often stored in tailings ponds. Then, 

gravity-induced separation occurs between solids and liquids, leading to a relatively fast 

deposition of coarse particles together with a small proportion of the fine particles at the 

bottom of the pond. In contrast, the settling of the remaining fine particles and some un-

extracted minerals is quite slow, which may take decades for satisfactory consolidation. 
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This part of the tailings, which is known as mature fine tailings (MFT) in the oil sands 

industry, contains approximately 30 wt.% of solids and 83 v.% (volume percent) of water 

(Vedoy and Soares, 2015). Before they can be used in CPB, these tailings need to be 

densified to produce dewatered mine tailings (DMT) with a solids content of 70-85 wt.% 

(Fall et al., 2009). Tailings densification is also necessary as the dispersed particles in a 

typical tailings stream will hinder the consolidation and strength development of CPB 

(Bussière, 2007).  

Table 2-1 Remaining CPB design processes, objectives, and representative 

references. 

CPB design Objective References 

Stress distribution 

in backfilled 

stopes 

Determine the stress distribution in 

backfilled stopes considering the 

interaction of CPB and surrounding 

rock mass 

(Aubertin et al., 2003; 

Belem et al., 2004; Liu et 

al., 2017; Terzaghi, 1951) 

Required strength 

design 

Determine the required mechanical 

strength of CPB based on its intended 

function 

(Bloss, 2002; Chen et al., 

2017; Grice, 1998; Li, 

2014a, b) 

CPB barricade 

design 

Determine the required barricade 

properties, such as strength and 

drainage, to prevent failure 

(Cui and Fall, 2017; 

Hughes et al., 2010; Yang 

et al., 2017; Yumlu and 

Guresci, 2007) 

In-situ placement 

and production 

schedule 

optimisation 

Design a suitable backfill system for 

in-situ application and optimise 

production schedule, including both 

backfill and excavation processes. 

(Carpentier et al., 2016; 

Chen et al., 2018; Nehring 

et al., 2010; Salama et al., 

2014) 

Densification of full stream tailings (FST) depends on the interacting forces operating 

between tailings particles, which can be divided into four major groups: (1) 

hydrodynamic forces, (2) long-range forces, (3) polymer-induced forces, and (4) short-

range hydration forces. Based on the above interactions, a number of techniques have 

been proposed for the classification and concentration of FST, including hydrocyclones, 

consolidated tailings (CT) technology and paste tailings (PT) technology (Wang et al., 

2014). Among all three techniques, PT is gaining popularity in the mining industry 
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(Watson et al., 2010). Notably, the PT technology can also be directly applied to the fresh 

tailings stream when it is mainly composed of fine clay particles. 

The PT technology involves the addition of polymeric flocculants or, in some cases, 

other macro-molecular additives to mine tailings, which are then adequately mixed and 

clarified inside a thickener. As polymer flocculants are the most widely used ones in 

commercial applications, the flocculation of mine tailings using polymers is discussed in 

this section. 

2.2.1 Traditional polymer flocculation 

Traditional polymer flocculation uses polymers that are readily available in the 

marketplace, and these polymers can be broadly categorised into non-ionic, cationic, and 

anionic considering their ionic nature. Polyacrylamide (PAM) is the most widely used of 

the non-ionic, synthesised polymers. Examples of cationic synthesised polymers include 

cationic PAM (CPAM), poly(diallyldimethyl ammonium chloride) (PDADMAC), and 

epichlorohydrin while anionic PAM (APAM) is the most commonly used anionic 

polymers. Notably, natural polymers are also used in some cases due to their unique 

benefits compared with synthesised ones, such as their acceptance on health grounds and 

ease of biodegradation (Bolto and Gregory, 2007). Unfortunately, the large-scale 

application of natural polymers in tailings flocculation is elusive because of their 

availability. Promoting and improving the application of synthesised polymers in tailings 

flocculation is, at the moment, of greater importance to the mining industry. Thus, 

synthesised polymers are the main focus of the following discussion. 

Figure 2-2 shows typical structures of PAM, hydrolysed PAM, CPAM and APAM. 

PAM is synthesised as a simple linear-chain structure using N, N-methylene 

bisacrylamide (C7H10N2O2). Based on the synthesis process, PAM can have a molecular 

weight (MW, the sum of the atomic weight of individual atoms that comprise a polymer 

molecule) ranging from thousands to millions. When placed in water, PAM often adopts 

a flexible coil configuration and the end-to-end distance of a polymer molecule could be 

used to represent its aqueous configuration (Figure 2-3). Such an end-to-end distance will 

be influenced by the polymer self-interaction and the salt concentration of the solution 

(Bolto and Gregory, 2007). In the case of cationic or anionic polymers, charge density 

(CD) is another significant parameter expressed as mole per cent of charged groups. 
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Figure 2-2 Typical structures of PAM, hydrolysed PAM, APAM and CPAM. 

 

Figure 2-3 Flexible coil configuration of a polymer chain. 

With great flexibility during the synthesis of polymeric flocculants, their properties 

can be tailored, theoretically, for each type of mine tailings. For example, the MW of 

polymers can be changed, and different ionic groups can be included. However, a better 

understanding of the flocculation mechanism is necessary before successful structure 

modifications can be achieved. 

2.2.2 Flocculation mechanism 

This section discusses the mechanism associated with traditional polymer flocculation. 

Before the detailed introduction to the flocculation mechanism, the aggregation process 
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is introduced since it determines the flocculation mechanism. A crucial step for the 

aggregation of fine particles by polymeric flocculants is the adsorption of polymeric 

flocculants on solids surfaces (Sworska et al., 2000). The polymeric flocculants are first 

transported to solids surfaces by convection or diffusion, and then interactions between 

polymeric flocculants and solids surfaces occur. In the case of the PAM, such interactions 

are mainly derived from hydrogen bonding between H atoms (from the acrylamide groups) 

and O atoms (from the solids surface). London forces may also contribute to the 

interaction between PAM and solids surfaces. In the case of the cationic or anionic 

polymers, although hydrogen bonding may still occur, electrostatic attraction and salt 

linkage play a much more critical role in the adsorption (Vedoy and Soares, 2015).  

After adsorption, the polymeric flocculants re-orientate accordingly, leading to 

different kinds of conformations. Some factors will influence conformations of adsorbed 

polymeric flocculants, including polymer-solids interaction, polymer-water interaction, 

solids-water interaction, polymer self-interaction and polymer chain stiffness. Alagha et 

al. (2013) investigated the adsorption characteristics of PAM on anisotropic basal planes 

of kaolinite using quartz crystal microbalance with dissipation. They proposed several 

possible conformations for the polymer adsorption based on their results, which are 

illustrated in Figure 2-4. The conformations of adsorbed polymers is crucial for 

flocculation mechanism, thus for flocculation performance. For example, Figure 2-4(a) is 

much more favourable than Figure 2-4(c) regarding particle bridging. Based on the 

conformations of adsorbed polymers, Wang et al. (2014) summarised that a successful 

polymer selection should produce weakly polymer-solids attractions, minimised polymer 

self-interaction and balanced polymer chain stiffness. 
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Figure 2-4 Possible conformations of absorbed polymers: (a) single point 

adsorption, (b) loop adsorption, (c) flat multiple site adsorption, (d) flexible coil, (e) 

non-uniform segment distribution, and (f) multi-layer adsorption (modified after Alagha 

et al., 2013).  

In essence, polymer adsorption and particle flocculation may occur simultaneously. 

Due to the long linear-chain of polymeric flocculants, they can be adsorbed onto the 

surface of different particles at the same time. Solids particles are mainly connected via 

bridging, charge neutralisation, or charged patch flocculation (Smith-Palmer and Pelton, 

2002; Wang et al., 2014), which are introduced as follows. 

Figure 2-5 illustrates the bridging and charge neutralisation mechanisms. Bridging 

flocculation involves a number of polymers being absorbed onto multiple particles, thus 

‘bridging’ these particles together. Long-chain polymers are often used to promote 

bridging flocculation because they can be absorbed on particle surfaces in a way that 

loops and tails are extended into the solution. These extended loops and tails can attach 

to other particles as long as these particles have enough unoccupied surfaces. Too many 

absorbed polymers lead to insufficient unoccupied surfaces while too few adsorbed 

polymers lead to insufficient bridging contacts. La Mer (1966) suggested that the 

optimum dosage for bridging flocculation corresponds to ‘half surface coverage’. 
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Figure 2-5 Steps involved in the flocculation of mine tailings using polymers. 

In mining operations, the majority of mineral particles are negatively charged, 

preventing particle aggregation due to repulsive electrostatic forces (Vedoy and Soares, 

2015). Added cationic polymers can partly neutralise the surface charge of fine particles, 

and in some cases, even reverse their surface charges. Aggregation among the neutralised 

fine particles becomes much easier compared with the negatively charged ones, which is 

a key benefit of polymer-assisted flocculation. Such a flocculation mechanism is referred 

to as charge neutralisation. In a flocculation experiment where charge neutralisation 

dominates, polymers with high CD are absorbed into the particle surface in a rather flat 

conformation, i.e. Figure 2-4(c). Kleimann et al. (2005) suggested that the optimum 

dosage for charge neutralisation flocculation is when the adsorbed polymers just 

neutralise the surface charge, giving a zeta () potential close to zero. 

Figure 2-6 illustrates the charge patch or electrostatic patch mechanism. A simple 

analogy to the charge patch mechanism is the London intermolecular force in chemistry. 

This mechanism is proposed by Kasper (1971) and Gregory (1973), and the main idea is 

that there are some un-neutralised surface sites even if the overall charge is neutralised. 

The uneven neutralisation is caused by the greater distance between surface charge sites 

than the distance between charge segments in the polymer chain (Bolto and Gregory, 

2007). Therefore, there will be an electrostatic attraction between positive and negative 

patches, and aggregation originated from this mechanism is proven to be stronger than 
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simple charge neutralisation. Also, the charge patch induced aggregation is more easily 

re-aggregated after floc breakage than the aggregation induced from bridging (Yoon and 

Deng, 2004). Another important consequence of the charge patches is that it can provide 

anchor points for the adsorption of polymers with high MW, as shown in Figure 2-6(b), 

which is the technical basis for the dual polymer system. 

 

Figure 2-6 Charge patches for flocculation of negative particles by cationic 

polymers and its possible flocculation mode: (a) electrostatic attraction, (b) anchor 

point. 

In addition to the above three most significant mechanisms, water-soluble polymers 

can also induce particle aggregation via flocculation depletion when the polymer 

concentration is high (Jang et al., 2005). Notably, these mechanisms could occur 

separately or jointly in one specific experiment to promote the flocculation of fine 

particles. After that, a three-dimensional network is formed, and a large aggregate is 

produced. Such an aggregate will have a much larger apparent particle size than single 

fine particles, allowing them to settle quickly under gravity as suggested by Stokes' Law. 



  REVIEW OF LITERATURE | 2-10 

 

2.2.3 Factors affecting traditional polymer flocculation 

Factors that affect the performance of polymer flocculation have been investigated in 

the past decades. This section briefly introduces several essential factors, such as 

attributes of polymers and tailings, solution pH, titration steps and mixing methods. To 

represent flocculation performance, initial settling rate (ISR), specific resistance to 

filtration (SRF) and turbidity of supernatant are often used. 

The molecular weight (MW) is an essential polymer property affecting flocculation 

performance. With a fixed subunit, polymers with higher MW correspond to having 

longer polymer chains, enabling them to be absorbed onto multiple particles. Multiple 

particle adsorption by long-chain polymers indicates that MW plays a vital role in 

bridging flocculation. Besides, it has been shown that increasing MW will lead to a small 

increase in the charge patch flocculation while having a negligible influence on the charge 

neutralisation (Smith-Palmer and Pelton, 2002). Bolto and Gregory (2007) indicated that 

the settling rate has a positive correlation with the polymer MW and Caskey and Primus 

(1986) suggested that the polymer MW needs to be at least 61 10  g/mol to produce stable 

flocs. 

The discussion above regarding MW relates to, in essence, the average MW. In 

practical cases, not all polymer molecules have the exact same MW with the average MW, 

leading to a molecular weight distribution (McKeen, 2009). The molecular weight 

distribution also has a significant influence on the flocculation performance, which should 

be considered during the flocculation design. Polymer average MW can be measured 

using intrinsic viscosity and light scattering, and it is challenging to synthesise polymers 

with ultra-high MW (Rudin and Choi, 2013). 

Another important factor for the performance of ionic polymers is the charge density 

(CD), which refers to the percentage of charged functional group within the monomers 

(Smith-Palmer and Wentzell, 1990). With a very low CD, the adsorption of polymers 

onto solid surfaces is weak and the produced flocs are unstable. Polymer chains with low 

to medium CD often have larger end-to-end distance due to the repulsive forces 

originating from these charged polymer segments, which may increase the overall 

bridging capacity of the flocculant. When the CD is exceptionally high, polymers can be 

adsorbed onto solid surfaces in a flat arrangement (as shown in Figure 2-4c), impeding 
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particle bridging. Moreover, the overall charge of particles can be reversed due to the flat 

adsorption of high CD polymers, which introduces repulsive forces among particles and 

causes suspension. It has been shown that cationic polymers with 10%-30% CD will have 

satisfactory adsorptions on the solids particles and will prevent particle restabilization 

(Wilts et al., 2018). With the increase of CD, the charge patch flocculation becomes 

increasingly dominant (Eriksson et al., 1993). Potentiometric titration of the copolymers 

or direct polyelectrolyte titration can be used for the determination of polymer CD 

(Wassmer et al., 1991). Conventionally, the polymer CD is low when the mol% is 

approximate 15%, medium when the mol% is approximate 25% and high when the mol% 

is approximately 50%-100%. Table 2-2 lists the CD of several anionic and cationic 

polymers, as suggested in Bolto and Gregory (2007). 

Table 2-2 Charge densities of several anionic and cationic polymers. 

Molecular formula Polymer type CD (mol%) CD (meq/g) 

C3H3O2 Na Anionic 100 10.6 

(C3H3O2 Na)0.50 (C3H5ON)0.50 Anionic 50 6.1 

C8H16N Cl Cationic 100 6.2 

C8H16O2N Cl Cationic 100 5.2 

(C8H16O2N Cl)0.5 (C3H5ON)0.5 Cationic 50 3.8 

(C8H16O2N Cl)0.1 (C3H5ON)0.9 Cationic 10 1.2 

Polymer dosage can significantly affect the number of polymers absorbed on particles, 

as well as its kinetics. Generally speaking, the flocculation performance is increased with 

the increasing polymer dosage up to a certain amount. During this process, the 

performance increase is due to the increased collisions between polymers and particles. 

Beyond the optimum dosage, flocculation performance is decreased with increasing 

dosage. Such a performance decrease is caused by the mechanism possibly changing from 

bridging to charge neutralisation when there are sufficient polymers in the solution. A 

further increase in polymer dosage could lead to fully polymer-covered particles, instead 

of charge neutralisation. In this case, the surface charge of particles is reversed, and 

repulsive forces between polymer-covered particles will induce a stable suspension (Long 

et al., 2006; Sworska et al., 2000), where the term ‘stable’ implies non-settling. The 

optimum polymer dosage is influenced by particle, polymer and water properties. 
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Attributes of tailings, such as their surface properties, have a significant influence on 

polymer performance due to polymer-solids interaction and polymer-water interaction. 

However, a full representation of surface properties, which inevitably involves chemical 

composition, crystal morphology, surface cleavage, and impurity, is unrealistic using 

current technology. Instead, the chemical composition is often investigated under a bold 

but necessary assumption that each type of material, i.e. silica dioxide, shares similar 

surface properties. Although polymer selection can be easily performed by trial 

experiments without a clear identification of tailings chemical composition, this kind of 

study contributes little to the understanding of the flocculation mechanism of polymers.  

The chemical composition of mine tailings may exhibit considerable differences, the 

influence of which on flocculation performance is rarely investigated in the literature. 

One reason for such limited studies about the chemical composition is that it is very 

complex, especially when impurities, e.g. organic compounds, are involved. A 

comprehensive review of the influence of tailings composition on flocculation is provided 

in Botha and Soares (2015). Recently, Tankosić et al. (2018) investigated the settling 

characteristics of two iron sludge samples with and without flocculants. It was found that 

there was no significant difference in the settling characteristics without flocculants. 

However, the settling characteristics showed a noticeable difference when APAM 

flocculant was used and the flocculation performance was dependent on the mineral 

composition, as well as the solid/liquid ratio. Qi et al. (2018d) performed a large number 

of flocculation experiments on seven types of mine tailings using four types of APAM. 

They found that, through data-driven modelling, the chemical composition of tailings was 

more important than PSD but less important than flocculant type and dosage. 

PSD determines how many surfaces are available for a specific volume of solid 

particles. In other words, PSD determines how many adsorption sites are available for 

polymers. The influence of particle size on the flocculation performance depends on the 

trade-off between its pros and cons. Particles with a smaller size benefit the flocculation 

by providing more adsorption sites. However, smaller particles also have higher surface 

charges, and thus higher particle-particle repulsion, so that they are likely to form a stable 

suspension (Jewell and Fourie, 2006). Furthermore, the flocculation of fine clay particles 

may take a much longer time before those flocs can reach the critical size for gravity-

induced settlement. Motta et al. (2018) investigated the influence of clay particle size of 

the flocculation of MFT by comparing the behaviour of four tailings samples, including 
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whole MFT, MFT fines separated by centrifugation, MFT larger particles separated by 

centrifugation, and reconstituted MFT by mixing above MFT fines and larger particles. 

It is found that the presence of larger clay particles may promote the settling of fine 

particles.  

The pH of the solution affects the flocculation performance by changing the  

potential in electric double layer theory. Such a  potential change is achieved by the 

adsorption of solution ions on the particle surfaces, and also probably by the dissolution 

of solids phases. The pH also affects the conformations of polymers (Vedoy and Soares, 

2015). The influence of titration step has been investigated using polymers with different 

MW, often referred to as dual polymer flocculation (Zhu et al., 2017), or using polymers 

with different charges, as suggested in Lu et al. (2016). The mixing methods affect the 

collision efficiency between solids particles and polymers, as well as the stability of 

formed flocs. The mixing speed, often in revolutions per minute (RPM), needs to be 

considered in the flocculation experiments and multi-stage mixing has been investigated 

(Ochando-Pulido et al., 2016; Tao et al., 2010). 

2.2.4 Frontiers in polymer flocculation 

In the previous sections traditional polymer flocculation, its flocculation mechanism 

and factors that affect its flocculation performance are introduced. Traditional polymer 

flocculation in the above sections refers to flocculation using polymers that are readily 

available in the marketplace. Recently, much effort has been devoted to the flocculation 

of fine-grained mine tailings using novel polymers or procedures. The objectives of these 

investigations can be broadly categorised into: a) improved flocculation/dewatering 

performance, b) selective ore recovery from tailings. 

Improved flocculation/dewatering performance is currently achieved using inorganic-

organic hybrid flocculants, temperature-sensitive polymers, pH-sensitive polymers or 

hydrophobically modified copolymers. Inorganic-organic hybrid flocculants are 

synthesised by combining organic polymers with inorganic microparticles, i.e. Al2O3. It 

is suggested that hybrid flocculants promote the flocculation of fine particles through 

bridging and charge neutralisation, and the synergetic interaction is proven to improve 

the flocculation/dewatering performance (Sun et al., 2008). Temperature-sensitive or pH-

sensitive polymers, according to their names, are a kind of polymers whose solubility, 
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volume, and conformation can be adjusted as a function of temperature or pH. The 

flocculation of these polymers can be advantageous due to these unique characteristics 

(Franks et al., 2014; Li et al., 2016; Zhang et al., 2017). Hydrophobically modified 

copolymers, especially hydrolytically-degradable polymers, have also been proposed for 

the flocculation of fine mine tailings (Hripko et al., 2018; Younes et al., 2018). 

Moreover, new technology has emerged to improve the flocculation performance, 

such as the RHEOMAX technology for higher underflow densities, increased recovery 

of water/reagents and thus, lower reagent consumption, improved pumpability of 

underflows, improved resistance to shear, and greater plant throughputs (Kaiser et al., 

2006). 

Selective ore recovery from tailings is achieved using selective flocculants, such as 

natural flocculants, starch, carboxymethyl cellulose, or guar gum (Jain et al., 2017; Kumar 

et al., 2018; Tudu et al., 2018). Selective flocculation, although not yet used commercially, 

offers great potential in recovering valuable minerals from fine particles, promoting water 

recycling and reducing the amount of tailings. There are several investigations about the 

application of selective flocculation on iron ore tailings, i.e. in Kumar et al. (2018), as 

well as other investigations on other types of mine tailings. 

2.3 CPB mix design 

As defined above, CPB is a type of composite material prepared with a combination 

of dewatered tailings, binders and water. The proportion of each constituent needs to be 

appropriately determined to achieve the required mechanical properties of CPB while 

retaining specific rheological properties (discussed in Section 2.4). Regarding mechanical 

properties of CPB, unconfined compressive strength (UCS) is often utilised as UCS tests 

are simple, economical and have been successfully correlated with accepted stability over 

many years of experience (Qi et al., 2018c). Thus, CPB mix design focuses mainly on the 

UCS in the literature, even though other mechanical properties can also be important in 

some cases, such as yield strength, Young’s modulus, and uniaxial tensile strength (Fall 

et al., 2010; Qi et al., 2018a).  

This section discusses the CPB mix design required to achieve the required strength 

of CPB. It is well accepted that the required strength of CPB could be quite different due 
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to the intended functions and in-situ environments. For example, CPB needs to have a 

UCS between 150 to 300 kPa to reduce the liquefaction possibility at early ages when it 

is mainly used for tailings disposal (Bloss, 2002). In contrast, Grice (1998) indicated that, 

for his specific case, CPB would need a UCS of >4 MPa when used for roof support. 

Since cement hydration is the primary reason for the strength development of CPB, it 

is briefly discussed in Section 2.3.1. After that, experimental techniques that are widely 

used to investigate cement hydration or CPB strength development are introduced. Finally, 

section 2.3.3 explains the important factors affecting CPB strength. 

2.3.1 Cement hydration 

In cement chemistry, hydration represents the chemical processes in which cement 

reacts with water to produce hydration products or hydrates. Generally, cement first 

dissolves in water, releasing a variety of ionic species. The reaction between ionic species 

and water takes place in the aqueous solution. The concentration of hydrates will increase 

until its equilibrium solubility. Then, precipitation happens for these hydrates, decreasing 

the concentration of ionic species and allowing cement dissolution to continue. 

Ordinary Portland cement (OPC) typically has a composition in the region of 67% 

CaO, 22% SiO2, 5% Al2O3, 3% Fe2O3 and 3% other substances (Taylor, 1997). These 

substances exist in OPC as four major phases, namely alite (Ca3SiO5 or C3S), belite 

(Ca2SiO4 or C2S), aluminate (Ca3Al2O6 or C3A) and ferrite (Ca2AlxFe2-xO5). The weight 

percentages for alite, belite, aluminate and ferrite are approximately 50-70%, 15-30%, 5-

10% and 5-15%. These phases react with water through different mechanisms and thus 

with different reaction rates. The dominant hydrates under normal conditions are calcium 

silicate hydrates (C-S-H, 60-70 wt.%), calcium hydroxide (portlandite or CH, 20-25 

wt.%), gypsum, ettringite and calcium aluminates (15-20 wt.%) (Taylor, 1997). A brief 

introduction to the hydration mechanisms is provided in the following and interested 

readers are referred to several outstanding papers for a more detailed discussion (Bullard 

et al., 2011; Scrivener et al., 2015; Scrivener and Nonat, 2011). 

Figure 2-7 illustrates the rate of heat evolution for a typical OPC measured up to 72 

hours. As shown, the cement hydration can be divided into five stages based on the heat 

flow, namely (1) initial dissolution stage, (2) induction stage, (3) acceleration stage, (4) 

deceleration stage, and (5) slow reaction stage. 
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Figure 2-7 Rate of heat evolution of a typical OPC measured up to 72 hours. 

The initial dissolution stage is characterised by the rapid dissolution of C3S, as well 

as its rapid reaction with water (Azevedo and Gleize, 2018). This process releases a large 

amount of heat as the C3S dissolution is highly exothermic with an enthalpy of reaction 

( Hr ) of -148 kJ/mol (Hummel et al., 2002). The dissolution rate of C3S decreases very 

quickly due to the formation of a protective layer or the geochemical dissolution theory. 

Although experimental evidence is increasingly being accumulated for improving the 

geochemical dissolution theory, i.e. in Bullard et al. (2015), there do exist some 

experimental observations that cannot be adequately explained (Bellmann et al., 2015). 

Thus, the controlling mechanisms for the induction stage are a topic of intense debate in 

the cement community. However, the existence of an induction stage is favourable as it 

provides cement-based materials workability for transporting and manufacturing. 

The acceleration stage is triggered by the nucleation and growth of the C-S-H, the 

main product of cement hydration (Bullard et al., 2011). In the acceleration stage, most 

C3S and a small fraction of C2S react with water, leading to the precipitation of C-S-H 

and calcium hydroxide (CH). At the end of the acceleration stage, the smaller grains of 

C3S can react entirely and the larger grains of C3S are surrounded by the precipitated 

hydrates (Taylor, 1997). The deceleration and slow reaction stages are probably caused 

by the lack of small cement particles, water or space, whose reaction rate is mainly 

controlled by the diffusion process. For a modern OPC, the reaction of C3A is postponed 

until the deceleration stage through the addition of gypsum (CaSO4) (Mota et al., 2018). 

The reaction rate of the ferrite phase shows considerable differences as it is very 

inhomogeneous concerning the Al3+/Fe3+ ratio (Qi et al., 2019b). The hydration of C2S is 
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also mainly accomplished in the slow reaction stage as there is a reaction delay for C2S 

until around two weeks after mixing (Kocaba, 2009). 

Recently, methods have been proposed to modify the cement hydration process by 

adding different substances, such as nanoalumina (Zhan et al., 2019), nano-SiO2 (Kong 

et al., 2018), and silicon carbide nanowhiskers (Azevedo and Gleize, 2018). Moreover, 

the impact of NaOH and Na2SO4 on the hydration kinetics of cement has also been 

investigated (Mota et al., 2018). 

2.3.2 Experimental techniques 

This section summarises the experimental techniques that have been used to 

investigate cement hydration and CPB. These experimental techniques are selected 

through a comprehensive literature review, which can be classified as follows based on 

their applications and design principles.  

Crystal structural characterisation is often performed by X-ray diffraction (XRD). 

When properly refined, XRD data can provide us with crystal information of cement or 

hydrates, such as lattice, atom position, atom site occupancy and preferred orientation 

(Wiles and Young, 1981). The qualification of XRD data of cement phase is often 

performed using the Rietveld method, which employs a least squares approach to refine 

a theoretical XRD pattern until it matches the measured XRD pattern (Rietveld, 1969). 

Alternative/complementary techniques for crystal structure characterisation include X-

ray synchrotron, nuclear magnetic resonance spectroscopy (NMR), and neutron powder 

diffraction. 

Element characterisation can be conducted by X-ray fluorescence (XRF), NMR and 

electron probe microanalysis, which utilise unique photon adsorption/emission 

characteristics of each element during the electron transition within permitted energy 

levels. The chemical element of cement can also be provided in its oxides, such as the 

XRF data. In this case, the Bogue method needs to be used to approximate the phase 

composition based on a subset of the bulk oxides. Detailed procedure for the Bogue 

calculation has been provided in Bogue (1929), which is beyond the scope of this thesis. 

Some microstructural analysis techniques, such as scanning electron microscope (SEM), 

can also provide certain information about the chemical element when needed. 
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Microstructural analysis can be conducted by a group of techniques that probe and 

map the surface and sub-surface of a material. Photons, electrons, neutrons, ions and 

physical cantilever probes can be used to investigate the sample’s structure on a range of 

length scale (nm-m). SEM is the most commonly used technique for microstructural 

analysis in cement chemistry. Other alternative techniques include environmental 

scanning electron microscope, transmission electron microscope, scanning transmission 

electron microscope, and Cryo-electron microscopy. Figure 2-8 illustrates an example of 

the microstructural analysis of CPB using SEM, which shows the cement hydration 

process with curing time. 

 

Figure 2-8 SEM images of CPB specimens after curing for 7, 28, and 60 days (after 

Chen et al., 2018). 

Spectroscopic characterisation involves the use of a group of techniques that employ 

the interaction between matter and electromagnetic radiation for material characterisation. 

These techniques use electromagnetic radiation with different wavelengths and can obtain 

different information about the material, such as chemical element and bonding. Based 

on the electromagnetic radiation used, spectroscopic techniques include infrared 

spectroscopy, Fourier transform infrared spectroscopy, Raman spectroscopy, small angle 

neutron scattering, etc. Notably, XRD is also a kind of spectroscopic technique as it 

employs the interaction between atoms and X-rays. 

Pore structure analysis is also an important topic as pore characteristics are closely 

related to the mechanical property of cement-based materials. Mercury intrusion 

porosimetry and gas sorption are widely used for pore structure analysis, which involves 

the drying of the sample. Small angle neutron scattering can be used for the nanostructural 

investigation of cement-based materials without drying (Häußler et al., 2001). 
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Alternatively, results from microstructural analysis can also be used for pore structure 

analysis, such as SEM images. 

Mechanical property of cement-based materials is often determined by a series of 

mechanical experiments, such as tensile, compressive, and shear tests. Rheology of 

cement-based slurry is often represented by slump value, yield stress and viscosity. 

Thermal analysis can be used to determine phase stability of cement, the amount of 

hydrates, hydration degree and hydration kinetics. Thermogravimetry, isothermal 

calorimetry, differential thermal analysis, and differential scanning calorimetry are often 

used for thermal analysis of cement-based materials.  

2.3.3 Factors affecting CPB strength 

CPB strength is mainly dependent upon attributes of its constituents, additives and 

processing parameters (Figure 2-9). This section discusses how these factors affect CPB 

strength. Unless stated otherwise, CPB strength is referred to the UCS of CPB in the 

following discussion. 

 

Figure 2-9 Schematic diagram of constituents of CPB and their associated 

characteristics that affect CPB strength (modified after Deb et al., 2017). 
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2.3.3.1 Physical and chemical characteristics of tailings 

Physical characteristics of tailings include specific gravity or density, particle shape, 

permeability and PSD. Density measures the mass per unit volume of tailings, particle 

shape influences the inter-particle forces (Figure 2-10) and permeability influences the 

drainage of CPB. Among all physical characteristics of tailings, PSD might be the most 

crucial factor affecting CPB strength. 

 

Figure 2-10 SEM images of tailings showing the typical angular particle shape (after 

Qi et al., 2019).  

PSD is a list of values that define the relative volume proportion of particles present 

according to size. The influence of particle size on the property of CPB is mainly due to 

the difference in their specific surface area (SSA). For example, finer particles have a 

larger SSA and attract more water molecules around their surfaces. This high adsorption 

of water molecules will influence many properties of tailings, such as low settling of finer 

particles in water. For CPB specimens containing mine tailings, the proportion of fine 

particles (< 20 µm) is especially significant for their porosity, drainage and strength (Deb 

et al., 2017). Thus, mine tailings are often classified based on the proportion of fine 

particles, as illustrated in Table 2-3. Typically, a CPB slurry must contain at least 15 wt.% 

of fine particles to create a non-segregating slurry for transport (Landriault, 2001). 
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Table 2-3 Classification of mine tailings based on the proportion of fine particles 

(Landriault, 2001). 

Tailings 

category 

Proportion of fine 

particles (wt.%) 

Strength development 

(constant water-cement ratio) 

178 mm slump solid 

concentration (wt.%) 

Coarse 15-35 High 78-85 

Medium 35-60 Low 70-78 

Fine >60 Poor 55-70 

Several grading models have been proposed, and several parameters have been 

defined to represent the PSD of tailings. Commonly used grading models include the 

power law model, the modified A&A model and the Rosin-Rammler (R-R) model 

(Mehdipour and Khayat, 2018). In terms of PSD parameters, Dx represents the particle 

size with x vt.% of tailings smaller than this size. For example, D50 represents the particle 

size when half of the tailings (50 wt.%) are smaller than this size. In addition, coefficient 

of uniformity (Cu) and coefficient of curvature (Cc), which can be calculated as follows, 

is proposed to further represent the shape of PSD (Craig, 2004). 

 u 60 10C D / D=   (2-1) 

 
2

c 30 60 10C (D ) / (D D )=    (2-2) 

As indicated in (Craig, 2004), tailings can be regarded as well-graded when it has 4 < 

Cu < 6 and 1 < Cc < 3. Sun et al. (2016) considered tailings as well-graded when Cu ≥ 4 

and 1 < Cc < 3. The PSD of tailings shows a substantial difference based on the orebody 

and extracting methods of minerals. Figure 2-11 shows PSD examples in the literature 

and Table 2-4 summarises their corresponding PSD parameters.  

Due to this significant difference in PSD, many studies have been performed to 

investigate its influence on CPB strength. For example, Fall et al. (2005) concluded that, 

from an experimental study, the tailings particle size had a considerable effect on the 

strength, cost, water demand and microstructure of CPB. Decreasing the proportion of 

fine particles via desliming was found to have a positive effect on the short-term and long-

term UCS of CPB specimens (Ercikdi et al., 2013; Kesimal et al., 2003) and the optimum 

proportion of fine particles was between 25 – 30 wt.% (Fall et al., 2005; Kesimal et al., 
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2003). Ke et al. (2015) investigated the effect of particle gradation on the short-term UCS 

of CPB (curing time  28 days) and found that the UCS was progressively increased with 

an increasing amount of fine particles from 4.18 wt.% to 27.55 wt.%. Wu et al. (2018) 

found that there was an optimum particle gradation based on the Talbot index for the 

compressive strength of CPB under different confining pressures. Qi et al. (2018e) 

investigated the short-term UCS of CPB through analysing a large amount of 

experimental results and concluded that it was positively related to the Cu of tailings.  

 

Figure 2-11 Typical PSD examples from the literature. 

Table 2-4 PSD parameters of tailings in Figure 2-11. 

Reference Minerals Country D50 D60 Cu Cc 

(Cihangir et al., 2012) Copper-zinc Turkey 16.25 22.83 13.41 1.18 

(Chen et al., 2017) Copper China 24.20 35.40 6.86 1.03 

(Xu and Cao, 2018) Copper China 170.13 190.80 4.11 1.62 

(Chen et al., 2018) Phosphate China 13.00 20.50 13.67 0.98 

(Panchal et al., 2018) Uranium India 22.65 32.76 9.44 0.96 

(Peng et al., 2015) Tungsten China 55.24 64.80 3.12 1.07 

(Yi et al., 2015) Nickel China 34.32 48.45 15.53 1.27 

(Fall et al., 2010) Polymetallic Canada 22.40 32.50 8.70 4.00 

To further complicate the influence of tailings, its chemical characteristics also show 

significant disparity in different studies and practices (see example chemical composition 
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in Figure 2-12). The chemical characteristics of tailings will not only influence the water 

adsorption on its surfaces (the water retention capability) but also the nucleation and 

growth of hydrates. However, investigating the influence of chemical characteristics will 

inevitably involve a careful determination of crystal structures and their surface properties, 

making it quite challenging without significant strides in measurement science and 

technology.  

 

Figure 2-12 Chemical composition of tailings: (a) silver tailings from Morocco 

(Abdelhadi et al., 2015), (b) Copper-zinc tailings from Turkey (Cihangir et al., 2012), 

(c) gold tailings from Sweden (Hamberg et al., 2015), (d) Uranium tailings from India 

(Panchal et al., 2018), (e) Tungsten tailings from China (Peng et al., 2015), and (f) tin 

tailings from China (Sun et al., 2018). 

Most studies use the chemical composition of tailings to represent its chemical 

characteristics. Though assumptions exist in representing chemical characteristics using 

chemical composition, as discussed in Section 2.2.3, investigating the influence of 

chemical composition has practical significance.  

One active topic about the influence of chemical composition of tailings on CPB 

strength is the sulphate content, i.e. in Refs (Aldhafeeri and Fall, 2017; Li and Fall, 2016; 

Pokharel and Fall, 2013). The influence of sulphate content on CPB strength can be either 

beneficial or detrimental depending on the binder type and curing time (Li and Fall, 2018). 
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Investigations that take into account all chemical compositions of tailings are quite 

limited. Qi et al. (2018e) explored the influence of SiO2, CaO, Al2O3, MgO and Fe2O3 

content on the short-term UCS of CPB and found that the influence of Al2O3 content was 

the most significant. 

2.3.3.2 Water and its geochemistry 

Mineral processing water, municipal water, lake water or tap water can be used for 

the preparation of CPB slurry. Water affects CPB strength in at least two ways. Firstly, 

the amount of water, often represented by the water-cement (w/c) ratio or solids content 

(SC), affects the cement hydration and microstructure of CPB. Too little water is 

detrimental to the cement hydration as full cement hydration requires a w/c ratio of 

approximately 0.4 (Lin and Meyer, 2009). CPB does not suffer from a lack of water as 

CPB slurry customarily has a w/c ratio varying from 2.7 to 20.2 to ensure it has sufficient 

consistency and flowability for pipe transport (Belem and Benzaazoua, 2008). Too much 

water is also detrimental to CPB strength by increasing the capillary porosity of CPB 

(Monteiro and Mehta, 2014). It is found that there is a positive correlation between SC 

and UCS of CPB under the condition that it has sufficient rheological properties.  

Secondly, geochemistry affects CPB strength by interfering with the cement 

hydration process. Important chemical characteristics of water include the concentration 

of OH- and H+ (pH), redox potential (Eh), specific conductance (SCW), and the 

concentration of SO4
2- and Ca2+. For example, the co-existence of SO4

2- or Ca2+ with 

water will inevitably affect the water adsorption process compared with pure water 

adsorption. Benzaazoua et al. (2002) confirmed the importance of water geochemistry, 

especially the sulphate content, on CPB strength through an experimental study. They 

found that the influence of water geochemistry was related to the binder type and cement-

based materials produced with slag-based binders were more sensitive to soluble 

sulphates in water.  

2.3.3.3 Binders 

Binders typically constitute 3-7% by dry mass of dry tailings in CPB, whose 

significance cannot be underestimated as they directly participate in the hydration process. 

The optimisation of binders is always desired to provide sufficient mechanical properties 

of CPB, reduce binder cost, and control the leachability of pollutants. This section 
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provides a brief introduction to the current status of knowledge, and the reader is referred 

to (Tariq and Yanful, 2013) and references therein for more detailed explanations.  

Cement, especially OPC, is the most widely used binder in CPB practice. 

Accordingly, cement content plays a vital role in CPB strength as it determines the 

amount of cement available for cement hydration. It is well documented that increasing 

cement content will increase CPB strength (Fall et al., 2008; Qi et al., 2018e). The PSD 

of cement is another crucial factor for CPB strength, which affects the hydration 

kinetics. Cement particles with a smaller particle size will have a larger SSA, leading to 

more surface area available for dissolution and reaction. This property is especially 

crucial for early-age hydration/strength of CPB. As already discussed, the smaller grains 

of C3S could react completely at the end of the acceleration stage (Taylor, 1997). In 

contrast, the larger grains of C3S will be surrounded by the precipitated hydrates, and 

their subsequent hydration will be affected.  

Past decades have witnessed the move towards finer cement to produce cement-based 

materials with higher early-age strength, as illustrated in Figure 2-13a (Bentz et al., 2008; 

Mardani-Aghabaglou et al., 2017). However, the influence of cement fineness on the 

long-term strength of cement-based materials has not been thoroughly investigated. In 

addition, there must exist an optimum PSD of cement, as a continuous decrease in cement 

particle size will not only require a vast amount of grounding energy but also negatively 

affects the workability and rheological properties of fresh cement mixtures (Mardani-

Aghabaglou et al., 2017).  

 

Figure 2-13 Diagrams representing (a) the changes in the Blaine fineness of cement 

from the 1950s to 2008 (adopted from Bentz et al., 2008) and (b) the effect of cement 

fineness on the early-age UCS of cement-based materials. 



  REVIEW OF LITERATURE | 2-26 

 

The chemical characteristics of cement can also strongly influence the strength 

development of CPB. Herein, chemical characteristics include both chemical 

compositions and their morphology. For example, measuring merely the proportion of 

C3S in cement is not sufficient for a good representation of the cement. The percentage 

of C3S in its T1, T2, T3, M1, M2, M3 and R morphology (T for triclinic, M for monoclinic 

and R for rhombohedral) (Taylor, 1997) should also be carefully determined. The 

chemical characteristics of cement are particularly important when a new type of 

cement is proposed and their performance is compared with OPC. Also, special care is 

needed when the comparison is conducted among cement-based materials produced 

with cement according to different standards, such as European cement standard (EN 

197) and China’s common Portland cement standard (No. GB175-2007). The difference 

in cement standards could be part of the reason why the cement-tailings ratio (CTR) in 

China is typically higher than that in many other countries around the world. 

Significant strides have been achieved in replacing part of cement by pozzolanic 

materials and industrial by-products to reduce cement consumption and improve 

performance (Tariq and Yanful, 2013). Commonly used materials include natural 

pozzolans (i.e. volcanic tuff and pumice) (Ercikdi et al., 2010) and artificial pozzolans 

(i.e. coal ash, fly ash, slag, and ground waste glass) (Cihangir et al., 2018; Sargeant, 2008; 

Wu et al., 2017b). Moreover, the addition of hydration activators, such as cement kiln 

dust, is quite promising to promote the application of CPB technology (Cihangir et al., 

2015). 

2.3.3.4 Mixing, curing, additives and structural factors 

Thorough mixing of CPB constituents is needed to produce homogeneous CPB 

slurries. It has been shown that an uneven distribution of particles in CPB will influence 

its strength (Chen et al., 2017). Hiremath and Yaragal (2017) investigated the influence 

of mixing speed, mixing duration and mixing stage on the early-age UCS of reactive 

powder concrete. They found that there were an optimum mixing speed and duration for 

the early-age UCS of reactive powder concrete and the four-stage mixing method has 

produced higher UCS compared to the three-stage mixing method. In terms of CPB, Min 

et al. (2019) investigated the influence of curing time on the UCS of phosphogypsum-

based CPB and found that a mixing time of 60 minutes with their mixing procedures 

could produce the highest UCS. 
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Curing condition is another factor critically important for CPB strength, which has 

undergone extensive investigations. A positive correlation is found between curing time 

and the early-age UCS of CPB. Regarding the long-term UCS, it tends to increase first 

and then often decrease (Kesimal et al., 2005). Other curing conditions can also affect the 

strength of CPB, such as the curing temperature (Fang and Fall, 2018; Yilmaz et al., 2014) 

and the curing pressure. 

In some cases, additives are added to CPB materials to produce backfill materials 

known as cemented paste aggregates fill. Widely used additives include waste rock and 

construction demolition waste, which alter CPB strength partly due to the modification 

of particle characteristics, such as PSD. For example, additives are often used when ultra-

fine tailings are encountered. Moreover, similar to tailings, the chemical characteristics 

of additives also matter as they affect the nucleation and growth of hydrates. Hane et al. 

(2017) concluded that replacing some amount of tailings by coarse waste rock could 

increase the UCS of CPB. In other cases, additives like superplasticisers can improve 

CPB strength due to better hydration (Ouattara et al., 2018). 

Structural factors also have important influence of the strength and performance of 

CPB. For example, Yilmaz et al. (2015) and Yilmaz (2018) investigated the effect of 

specimen size, placement conditions and stope depth on the strength behaviour of CPB. 

Cao et al. (2018a) studied the influence of filling time, filling interval time, and filling 

surface angle on the UCS of CPB. 

2.4 CPB pipe transport 

Hydraulic transport of CPB slurry through reticulated pipes is becoming increasingly 

popular due to its benefits, such as year-round availability, low technical maintenance 

and being environmentally friendly (Kumar et al., 2003; Ravelet et al., 2013). According 

to Belem and Benzaazoua (2008), there are three possible pipe transport systems, namely 

gravity/pumping, gravity, and pumping/gravity systems. The difference between 

gravity/pumping and pumping/gravity lies in whether the slurry is first flowed by gravity 

or pumping. At present, the pumping/gravity system is being increasingly used since it is 

advantageous in easy installation, inspection, and maintenance (Belem and Benzaazoua, 

2008; Qi et al., 2018b). However, a combination of these systems can be used when 

complex geological conditions are encountered. 
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Fresh CPB slurry is a highly-concentrated, non-Newtonian fluid, whose pipe transport 

is controlled by its rheological properties (Belem and Benzaazoua, 2008). This section 

starts with a brief introduction to the rheology of CPB slurry. Then, experimental 

techniques for the determination of rheological parameters are presented, and factors 

influencing the rheological parameters of CPB are discussed. Finally, the current 

knowledge about CPB pipe transport is provided. 

2.4.1 Rheology 

Rheology is defined as the science of flow and deformation of materials (Belem and 

Benzaazoua, 2008; Boger, 2013). In the construction industry, rheological properties are 

often expressed in practical terms like workability, flowability and cohesion. 

Investigating the rheological properties of CPB is essential for the description of its 

behaviour under flow. CPB is a kind of non-Newtonian fluid that flows continuously 

under high shear stresses but stops under low shear stresses. 

The rheogram can be used to investigate slurry flow, which is plotted with the shear 

stress, , on the vertical axis and the shear rate,  , on the horizontal axis. Depending on 

the relationship between  and  , there are generally six types of flow curves in the 

textbook (Boger, 2013), as indicated in Figure 2-14. The most common flow curve found 

in the literature for mineral slurries is Newtonian flow (Cruz and Peng, 2016). For 

Newtonian fluids, flow is initiated as soon as shear stress is applied and a linear 

relationship is observed between  and   at a fixed temperature and pressure. In other 

words, the viscosity () that is defined as the ratio of the  to   remains constant 

regardless of the stress or shear rate applied. 
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Figure 2-14 Flow curves of mineral slurries. 

Most suspensions display non-Newtonian behaviour as seen in Figure 2-14, which 

shows a change in viscosity with applied shear rate. Non-Newtonian fluids can be 

classified as pseudoplastic (shear thinning), dilatant (shear thickening), Bingham plastic, 

and pseudoplastic or dilatant with a yield stress, y. Some fluids even exhibit a viscosity 

change with time at a constant shear rate, which are considered as time-thixotropic fluids. 

In these fluids, internal structural changes occur due to reactions like flocculation or 

particle breakdown that requires a finite time to develop. Fresh CPB slurry displays a 

non-Newtonian behaviour with a y, which must be exceeded before irreversible 

deformation and flow can occur. More rigorously, fresh CPB slurry is also an example of 

time-thixotropic fluid due to cement hydration, which modifies the internal structure of 

CPB slurry during pipe transport. 

For the investigation of flow curves, several rheological models have been proposed. 

Frequently used models includes Newtonian, Power law, Bingham plastic, and Herschel-

Bulkley, which are represented by the following equations: 

 Newtonian: =     (2-3) 

 Power law: = nK    (2-4) 

 Bingham plastic: = y B   +   (2-5) 
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 Herschel-Bulkley: = n

y K  +   (2-6) 

where K is the consistency index, n is the flow index, B  is the Bingham plastic 

viscosity. 

2.4.2 Measurement of rheological properties 

This section introduces some widely-used rheological methods as well as elucidating 

basic measurement problems encountered. For a broader explanation of rheological 

measurements than is presented here, readers are referred to the textbooks of Macosko 

(1994), Tadros (2010), and Mewis (2012). 

Rheometry of mineral slurries can be divided into extensional rheometry and shear 

rheometry. Based on the measurement geometries, shear rheometry can be further divided 

into drag flows and pressure-driven flows (Macosko, 1994). Rotational rheometers are 

based on drag flows and are the most widely used devices for slurries (Mewis, 2012). 

Capillary rheometer is one of the most popular devices based on pressure-driven flows. 

According to Schramm (2000), rheometer selection is based on the target slurry. A non-

Newtonian slurry narrows down the options to capillary and rotational rheometers. The 

rheometer selection is further narrowed down to a sophisticated rotational rheometer with 

a low friction air bearing for the rotor when accurate yield stress values are desired, such 

as in the case of CPB slurry. 

Considering the objectives, rheological measurements in mineral slurries are either 

yield stress measurements or shear stress-shear rate measurements. Direct and indirect 

methods exist for yield stress measurement. Direct methods measure the stress value 

when the fluid starts to flow while indirect methods involve curve-fitting and 

extrapolation based on the selected rheological models. The accuracy of indirect methods 

shows dramatic variances due to the applicability of rheological models and problems 

associated with low shear rates (Boger, 2013). Commonly used methods for yield stress 

measurement in mineral slurries include the vane method and the slump method. For the 

shear stress-shear rate measurement, the Couette viscometer and the bucket rheometer are 

often used (Boger, 2013). 
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General measurement problems for a slurry include wall slip, shear banding and 

secondary flows. These problems arise because there are some deviations between the 

real slurry flow and the assumed flow kinematics. Another problem can be segregation, 

when coarse particles settle out from finer particles during a test. In addition to 

measurement problems, the selection of measurement geometry, i.e. sample volume and 

temperature control, can also influence the accuracy of the rheological measurement 

(Mewis, 2012).  

2.4.3 Factors affecting the rheological properties of CPB 

Rheological properties of fresh CPB slurry are significantly affected by attributes of 

its constituents (i.e. PSD of tailings and pH of mixing water) and processing parameters 

(mixing time and energy). On the one hand, factors mentioned above can influence the 

cement hydration process (as discussed in Section 2.3.3), which in turn influences the 

rheological properties of CPB slurry through changing its internal structures. On the other 

hand, those factors influence the rheological properties of CPB slurry by affecting surface 

forces acting between colloids.  

This section focuses on the latter influence as factors affecting cement hydration have 

already been discussed in Section 2.3. For colloids in aqueous media, there are mainly six 

types of surface forces available, namely van der Waals force, electrical double layer 

force, structural force, hydrophilic/hydrophobic force, steric and electrosteric force, 

polymer-induced force (Johnson et al., 2000). 

2.4.3.1 Tailings and cement 

Solids content (SC) has a significant effect on the rheological properties of CPB. An 

increase in SC will increase the interaction among particles (viscosity) due to 

hydrodynamic and granuloviscous effects (Mizani, 2010). Figure 2-15 illustrates the 

variation of yield stress with SC for eleven types of mineral slurries, including CPB 

(Boger, 2009). As shown, the yield stress of all mine tailings increases exponentially with 

the increase of SC and the rapid rise in yield stress is often observed when the yield stress 

exceeds 200 Pa. For the pipe transport of CPB, attempting to operate it near the ‘elbow’ 

of the curve can be quite problematic as the yield stress can vary by 100 Pa with a +/-1% 

change in SC (Sofra and Boger, 2011). As expected, increasing SC has been reported to 
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decrease the slump height and increase the viscosity of CPB slurry (Cao et al., 2018b; 

Deng et al., 2018b; Niroshan et al., 2018; Qi et al., 2018b). 

 

Figure 2-15 Variation of shear yield stress with increasing SC for eleven mine 

tailings (Boger, 2013). 

Morphological characteristics of particles, such as PSD and particle shape, are other 

factors critically important for the rheological properties of CPB. To take into account the 

aforementioned parameters collectively, packing density (the ratio of solids volume to 

bulk volume of solid particles) and SSA are widely used in the literature. For example, it 

was indicated that the particle dispersion state is significantly related to the packing 

density and SSA of the binder system (Mehdipour and Khayat, 2017). Interested readers 

are referred to Mehdipour and Khayat (2018) for a detailed discussion about the influence 

of packing density and SSA on the rheological properties of cement-based suspensions. 

In the following, a brief discussion about the influence of these parameters on rheological 

properties is presented. 

Optimising particle size and PSD is an important technique to tailor the flowability 

and rheological properties of CPB slurry (Mehdipour and Khayat, 2017; Moini et al., 

2015). For example, adding fine particles can be used to change the rheological properties 

of suspensions, the effect of which depends on two counteracting mechanisms. On the 

one hand, fine particles improve rheological properties by increasing the packing density 

and the amount of excess suspending water. On the other hand, adding fine particles 

increases the total SSA of solids and, thus, decreases the thickness of water covering 

solids particles (Mehdipour and Khayat, 2018). In terms of coarse particles, it influences 
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the slurry rheological properties by both the occupying effect (occupying solid volumes) 

and the wall effect (disrupting the packing of fine particles) (Alexander and Mindess, 

2005; De Larrard, 2014). 

Grading models can be used for a more comprehensive evaluation of PSD, such as 

the power law model, the modified A&A model (Funk and Dinger, 1994) and the Rosin-

Rammler (R-R) model. Deng et al. (2018a) investigated the influence of particle size on 

the primary and time-dependent rheological behaviours of CPB. They found that when 

the apparent maximum packing density is less than 0.875, CPB slurry with finer particles 

exhibited a higher yield stress compared with CPB slurry with coarser particles. Ke et al. 

(2015) concluded that an increasing proportion of fine particles decreased the workability 

of fresh CPB slurry. 

Particle shape may also alter the rheological properties of CPB slurry. It is proven that 

the irregularity of particles increase the viscosity of suspensions due to a stronger 

deflection of flow lines and increased particle-particle interactions. Figure 2-16 illustrates 

the influence of particle shape, which shows the variation of relative yield stress and 

relative Herschel Buckley (HB) consistency with changing solids volume fraction (Hafid 

et al., 2016). As shown, particle shape has a significant influence on the ‘elbow’ position. 

At the same solids volume fraction, the relative yield stress and relative HB consistency 

of suspensions with rounded particles are smaller than suspensions with irregular shapes. 

Westerholm et al. (2008) also found that the plastic viscosity of mortar with elongated 

sand particles was three times higher than mortar with cubic sand particles. The influence 

of particle shape on the rheological properties of CPB slurry has not been explicitly 

investigated, which will be a promising topic in the future. 
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Figure 2-16 The relative yield stress (left) and the relative Herschel Buckley consistency 

(right) as a function of solids volume fraction with different particle shape (Hafid et al., 

2016). 

In addition to physical characteristics, surface charge or  potential of particles is one 

of the most critical chemical parameters of rheological properties, as suggested in the 

electric double layer theory. Generally speaking, high surface charge promotes repulsion 

among particles and hinders agglomeration while low surface charge favours 

accumulation or flocculation of particles. Maranzano and Wagner (2001) investigated the 

influence of  potential on the rheological properties of suspensions. They found that the 

influence of  potential was also affected by particle size. For example, suspension with 

small particles (< 1 m) was sensitive to  potential, and the viscosity decreased with 

increasing  potential due to increased particle repulsion and hydrodynamic volume. 

2.4.3.2 Mixing water 

Mixing water is the carrier fluid in CPB slurry, and its viscosity has a direct influence 

on the overall rheological properties of slurries. Besides viscosity, water content controls 

the amount of water available as lubricants. This influence has been discussed during the 

explanation of the influence of SC.  

The pH value of water also affects the particle-particle interaction by changing the  

potential (Figure 2-17a). According to Scales et al. (1998), the maximum shear yield 

stress was observed when the  potential was at the isoelectric point ( potential = 0) 

considering only van der Waals and electrical double layer forces. The influence of pH 

on the shear yield stress is shown in Figure 2-17b and Figure 2-17c (Johnson et al., 2000) 

as an example. The classical Derjguin-Landau-Verwey-Overbeek (DLVO) theory has 
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been developed considering the van der Waals and electrical double layer forces 

(Derjaguin and Landau, 1993; Verwey, 1947) and been used to investigate the interaction 

among colloidal mineral particles (Elimelech et al., 1998). For example, Yu et al. (2018) 

investigated the interaction between montmorillonite and fine coal under the influence of 

pH and divalent cations. They found that the pH had significant influence on the  

potential of coal while little influence on that of montmorillonite. In terms of CPB slurry, 

Wu et al. (2015a) compared the slump value of CPB slurry produced with tailings pore 

water or distilled water and found a slight difference in the slump value for their mixing 

plan. 

 

Figure 2-17 The influence of pH on  potential and shear yield stress (adapted from 

Johnson et al., 2000). Values in (b) and (c) are the solids volume fraction. 

2.4.3.3 Additives and processing parameters 

The rheology of CPB slurry might also be affected by various additives, such as waste 

rock, construction demolition waste, and superplasticisers. In the case of waste rock and 

construction demolition waste, their influence on CPB rheology is due to the modification 

of particle characteristics (i.e. PSD) and their surface properties. Superplasticizers, also 

known as high-range water reducers, can be used to improve the rheological properties 

of CPB slurry by introducing repulsive forces among particles after adsorption on their 

surfaces. At present, polycarboxylate ether is the most effective superplasticiser 

(Marchon et al., 2018), which consists of a methoxy-polyethylene glycol copolymer (side 

chain) grafted with the methacrylic acid copolymer (anionic backbone). Mangane et al. 

(2018) investigated the influence of five superplasticisers on the workability of CPB and 

concluded that the addition of superplasticisers improved the slump and workability with 

reduced water content. The rheology improvement by superplasticisers has also been 

confirmed by Ouattara et al. (2017), Ouattara et al. (2018) and Yang et al. (2018b). 
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Mixing method, mixing speed and mixing duration are three important processing 

parameters affecting the flowability of fresh concrete, as indicated in Hiremath and 

Yaragal (2017). Fresh concrete produced using a four-stage mixing method had a better 

flowability than produced using a three-stage mixing method. Furthermore, there existed 

an optimum mixing speed between 25-150 RPM and an optimum mixing duration 

between 10-30 minutes. Curing time is another important processing parameter affecting 

the rheological properties of CPB slurry. As discussed before, cement hydration proceeds 

with curing time to produce more hydration products that connect solid particles. Thus, 

the rheological properties of CPB slurry decrease with curing time. Panchal et al. (2018) 

found that yield stress increased with curing time while slump height decreased with 

curing time. 

2.4.4 Pipe flow characteristics 

The pipe flow characteristics of CPB slurry can be investigated through physical 

experiments and numerical modelling. Physical experiments are carried out using 

horizontal pipes, test loops, and pilot plant tests, which focus mainly on the conveying 

pressure drop. For example, Naveh et al. (2017) investigated the pressure drop during 

horizontal pipe transport of dilute particle-fluid slurry and found that pressure drop is 

strongly dependent on the Archimedes number. Qi et al. (2018b) performed a test loop 

study to investigate the pressure drop in a pipe circuit with complex shapes, including 

horizontal, vertical, inclined and elbow. They found that the pressure drop had a positive 

correlation with SC, CTR and inlet velocity and was significantly influenced by circuit 

shape. Kumar et al. (2014) investigated the performance of a centrifugal slurry pump 

during the transport of multi-sized bottom ash and fly ash mixtures. 

Computational fluid dynamics (CFD) modelling is an alternative tool to investigate 

the flow characteristics of CPB slurry, which is possible to overcome the drawbacks of 

physical experiments (e.g. costly and time-consuming). CFD modelling can be used to 

investigate not only the pressure drop but also important parameters like flow settling rule 

and concentration distribution (Capecelatro and Desjardins, 2013; Kaushal et al., 2005). 

There are two CFD modelling strategies most commonly used in the literature, namely 

the multi-fluid Eulerian and the Eulerian-Lagrangian frameworks (Hamidipour et al., 

2012; Li et al., 1999; Panneerselvam et al., 2009). The major drawbacks of CFD 

modelling are the model simplifications to reduce the computation cost and the lack of 
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rigorous model validation. Interested readers can refer to Basha and Morsi (2018) for 

more detailed discussion about CFD modelling in three phase flows.  

In terms of CFD modelling about the CPB slurry, Wu et al. (2015b) investigated the 

combined effect of pipe inner diameter and flow velocity on the pressure drop of coal 

gangue–fly ash slurry using CFD simulation. Liu et al. (2019) considered the influence 

of cement hydration during pipe flow and studied the coupled effect of CTR, inlet velocity, 

SC and particle size. They found that three flow zones were generated during CPB slurry 

transport, namely large particle deposition zone, steady flow zone and small particle 

suspension zone. Furthermore, an arch distribution of velocity was observed along pipe 

cross-sections, and the effect of cement hydration could become evident in real pipe 

systems. 

Other important topics regarding the pipe flow characteristics include, but are not 

limited to, pyritic tailings behaviour within pipeline, the influence of pipe networking 

system on pressure drops, pumping system, pipeline blockage, and flushing systems for 

cleaning pipelines. Since only limited studies have been conducted on aforementioned 

topics, interested readers can refer to relevant references for detailed discussion. 

2.5 Summary 

This chapter provides an overview of three crucial CPB design processes, namely, FS, 

CPB mix design and CPB pipe transport. Regarding FS, the PT technology using 

synthesised polymers is effective at dewatering through flocculation mechanisms (e.g. 

bridging, charge neutralisation, charge/electrostatic patch and depletion). The 

flocculation performance is affected by characteristics of polymers, tailings, and solution 

and by processing parameters. Much effort has been devoted to the synthesis of novel 

flocculants and procedures to improve flocculation performance.  

CPB mix design is an essential process that determines the optimum mixture to 

achieve the desired mechanical properties, especially the UCS. A better understanding of 

CPB strength development cannot be achieved without probing the underlying reactions, 

the cement hydration. A variety of experimental techniques can be used for cement 

hydration investigation. At this time, optimisation of CPB mixture is performed by 

conducting extensive laboratory tests. This is a consequence of our limited knowledge 
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about influencing factors for CPB strength and how existing knowledge can be used in 

new applications. 

CPB slurry is an example of a non-Newtonian fluid with a yield stress and its flow 

behaviour during pipe transport is controlled by its rheological properties. The 

determination of CPB rheological properties is usually performed using a rotational 

rheometer or, in some cases, by the slump method with proper correlation from slump 

value to yield stress. The rheological properties of CPB slurry are significantly affected 

by attributes of its constituents and processing parameters. Investigating CPB pipe flow 

is mainly conducted by physical experiments or CFD simulation. 
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3 MACHINE-LEARNING AIDED CPB 

DESIGN 

This chapter starts from a brief introduction to the new design framework, the 

MLAD_CPB. ML is introduced and ML algorithms utilised in Part III - Applications are 

presented. The methodology of using ML algorithms to model the experimental results is 

explained, including dataset preparation, cross-validation, hyper-parameters tuning and 

performance evaluation. 

 

3.1 Introduction 

Experimental analysis is a necessary step used to determine the process parameters of 

CPB. In such a CPB design, which is referred to as the experiment-based CPB design, a 

large amount of laboratory or in-situ experiments are performed in each design process. 

As CPB is increasingly used at mine sites, experimental data have been accumulated and 

reported for different types of mine tailings/cement/processing water worldwide. At 

present, practitioners are saturated with relationships, patterns, or knowledge inside the 

data, which cannot be extracted without sophisticated tools to make use of it. 

Computers are invaluable for processing a large amount of data, particularly when 

faster and more powerful computers are used. Currently, computers have been regarded 

as mere time-saving machines by most mine practitioners, helping them in drafting and 

communicating. However, most mine practitioners ignore that ‘the beauty of computers 

is that they are not machines; they are abstract machines’ (Hovestadt and Buhlmann, 

2013). From this perspective, computers can formulate general concepts by abstracting 

common properties of instances (Zaghloul, 2017). 
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The emergence of contemporary machine-learning (ML) techniques has the potential 

to substantially alter and enhance the role of computers in CPB design. At the heart of 

ML applications lie a set of statistical algorithms, which can extract patterns from data, 

predict future data by emulating a similar behaviour or perform other decision-making 

tasks under uncertainty (Murphy, 2012). Simply put, ML techniques can find and describe 

correlations in data. Nowadays, the infrastructure of ML tools for generating, testing and 

refining ML models is growing, making addressing complicated problems that involve 

large dimensions and nonlinear processes simple. 

Machine-learning aided design for CPB (MLAD_CPB) is a suggested design 

framework for CPB. In MLAD_CPB, ML techniques are integrated into the CPB design 

process to understand and manipulate the data. In this thesis, the concept of MLAD_CPB 

is validated through the prediction of laboratory experiments using ML algorithms 

(Figure 3-1). However, the concept of MLAD_CPB goes way beyond experimental 

prediction, including but being not limited to real-time monitoring and optimisation. 

Predicting the experimental results from constituent materials is a good starting point for 

the application of MLAD_CPB, whose significance has been emphasised by Bullard et 

al. (2011) and Edraki et al. (2014) for cement hydration and tailings management. 

 

Figure 3-1 The prediction of laboratory experiments using ML algorithms in 

MLAD_CPB. 
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3.2 Machine-learning 

Machine-learning (ML) is a branch of artificial intelligence and describes a set of 

algorithms that ‘learn’ the relationships among data. The general concept of ML was 

introduced several decades ago. However, the number of ML applications has increased 

rapidly over the last decade due to the accumulation of data and the advent of more 

powerful computers. A well-accepted definition of ML from Mitchell is: “A computer 

program is said to learn from experience E with respect to some class of tasks T and 

performance measure P, if its performance at tasks in T, as measured by P, improves with 

experience E" (Mitchell, 1997). 

In the AI regime, ML algorithms analyse a set of previously obtained instances, from 

which the relationships are learned. These instances are called training data, and the 

dataset that includes all training data is called the training set. The training data are used 

to continuously adjust parameters in ML algorithms, resulting in the construction of ML 

models that can be tested. A new set of instances are used to test the performance of the 

trained ML models, and these instances are often referred to as testing data, and their 

corresponding dataset is referred to as the testing set. 

For any dataset used by ML algorithms, every instance is represented by the same set 

of features (continuous, categorical or binary). If the instances are provided with explicit 

outputs then the learning is called supervised learning. In this case, ML algorithms 

generate a mapping from inputs to specific outputs. In contrast, learning is called 

unsupervised learning if the instances are unlabelled. It is intended to find unknown, but 

useful, classes of items through the utilisation of unsupervised learning (Jain et al., 1999). 

Another kind of ML is reinforcement learning that involves an action-reward mechanism. 

In this thesis, supervised ML algorithms were used to learn relationships between 

inputs and outputs based on experimental results. To be more specific, these tasks are 

supervised regression problems where ML algorithms are trained to predict continuous 

outputs. In the following, a brief introduction to a set of ML algorithms that are employed 

in Part III – Applications is presented. 
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3.2.1 Supervised ML algorithms 

Artificial neural network (ANN), regression tree (RT), random forest (RF), gradient 

boosting regression tree (GBRT), and genetic programming (GP) were used for the 

implementation of MLAD_CPB in Part III – Applications. The selection of above-

mentioned ML algorithms is based on: (i) all algorithms have been widely used in civil 

engineering and have been proven to have good predictive performance; (ii) all 

algorithms can deal with regression problems with multiple influencing variables and can 

model non-linear relationships between inputs and outputs; (iii) standard procedures for 

the implementation of these ML algorithms have been established, and some of them are 

recognized as top data mining algorithms (Wu et al., 2008). A brief introduction to each 

ML algorithm is provided below, and detailed descriptions can be found in the relevant 

references (Kuhn and Johnson, 2013). 

3.2.1.1 Artificial neural network 

ANN is a mathematical technique that generates a solution to a problem by mimicking 

biological neurons. The mapping from inputs to outputs is performed by a directed set of 

interconnected neurons. Figure 3-2a illustrates a sample neuron, which is the basic 

computation unit in ANN. A typical ANN architecture consists of multiple layers, and 

each layer consists of multiple neurons (Figure 3-2b). The first layer is known as the input 

layer, and the last layer is called the output layer. Hidden layers are those between the 

input and output layers, and in most cases, nonlinear activation functions are used in 

hidden layers to process the data (Jourdan and Guillemet, 2006). 

 

Figure 3-2 Illustration of ANN: (a) sample neuron; (b) a typical ANN architecture. 

Given a set of training instances (𝑥1, 𝑦1), (𝑥2, 𝑦2)... (𝑥𝑛, 𝑦𝑛) where 𝑥𝑖 ∈ 𝑅𝑛 and 𝑦𝑖 ∈

𝑅, the relationship between inputs and outputs is represented by the following formula: 
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 (0, )i ih g= +i-1 iW h b  for 1 i L  , and =0h x  (3-1) 

 (0, )y g= LV h   (3-2) 

where L is the number of layers, matrices W1-WL, V and vector b1-bL are model 

parameters learned from the dataset, ( )g z is the activation function. A widely used 

activation function, the rectified linear unit function, is defined as: 

 ( ) max(0, )g z z=   (3-3) 

The capability of ANN in handling different statistical problems, discovering 

complex patterns, and detecting overall trends has been well documented (Boubou et al., 

2010; Erzin et al., 2009). Furthermore, its good performance in modelling nonlinear 

relationships promotes its broad application in civil and mining engineering. 

3.2.1.2 Regression tree 

RT is a branch of decision tree (DT) algorithm that is designed explicitly for 

regression problems. A DT is a non-parametric technique that models the relationship 

between inputs and outputs by dividing the initial dataset into subgroups. Dataset 

partitioning aims to find homogenous groups through minimisation algorithms. In the 

case of RT, the widely used minimisation algorithm for a tree T is the sum of square error, 

defined as: 
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=  is the prediction for leaf c, cn  is the number of instances in 

leaf c and iy  is the output of ith instance in the dataset. In DT, a leaf is a terminal node at 

the end of the tree which undergoes no further partitioning.  

The training of an RT usually consists of two steps. In the first step, an RT is grown 

to a large tree during the minimisation of S. In this process, the RT might be strongly 

affected by outliers and have a relatively bad generalisation capability. In the second step, 
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the RT is pruned to cut the branches that optimise little of the generalisation capability. 

The prediction of a new instance starts from the top of the tree and moves until this 

instance reaches a leaf. The predicted output of this instance is then considered to be the 

mean of all instances in that leaf. The schematic of an RT with one input variable and one 

output variable is shown in Figure 3-3.  

 

Figure 3-3 Illustration of an RT algorithm. 

3.2.1.3 Random forest 

RF is an ensemble of tens or hundreds of RTs (i.e. the base learner), which are built 

randomly and are different from each other. The RF algorithm constructs individual RTs 

based on bagging, using bootstrap sampling where instances are taken randomly with 

replacement from the training set. The main idea of RF is to construct a collection of RTs 

with controlled variations.   
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Random feature selection is crucial in the training process of RF. For every node of 

each RT, a subset containing k influencing variables is selected from all influencing 

variables. Then, only those selected influencing variables are used for splitting. The k 

selected influencing variables are different in every RT, ensuring the variety of individual 

RTs. The generalisation capability of RF can be effectively increased by the combination 

of instance disturbance and variable disturbance on RTs. Notably, every RT in the forest 

would make a judgement separately, and the final decision results are reached, in most 

cases, by averaging all RTs. Figure 3-4 shows a general architecture of RF. 

 

Figure 3-4 Illustration of RF. 

3.2.1.4 Gradient boosting regression tree 

GBRT is an ensemble learning algorithm that incorporates RT and gradient boosting 

algorithms. RT has been introduced in Section 3.2.1.2. In the case of gradient boosting, it 

is a meta-learning algorithm that combines single models for improving predictive 

performance. In boosting, single ML models are iteratively fitted to the training data to 

gradually improve the models’ performance on instances that have not been accurately 

predicted. Gradient boosting has been widely used in ML as finding and averaging many 

single models is believed to be simpler than finding a single, highly accurate model 

(Schapire, 2003). 

For regression problems, gradient boosting starts from the definition of a 

differentiable loss function. The entire process of gradient boosting is centred at 

minimising this loss function through the addition of RTs. The loss function of residual 
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instances from existing RTs is maximally reduced through the addition of succeeding 

RTs, and all existing RTs remain unchanged afterwards. The final GBRT model is a 

combination of all RTs built during the gradient boosting process, which has shown better 

robustness and accuracy than a single RT in many datasets, i.e. stope stability prediction 

(Qi et al., 2018h). The pseudocode of the GBRT algorithm is shown in Figure 3-5. 

 

Figure 3-5 Pseudocode of the GBRT algorithm. 

3.2.1.5 Genetic programming 

GP is one of the most popular data-driven algorithms that can be used to find the 

relationship between inputs and outputs automatically. It is proposed and modified by 

Cramer and Koza (Cramer, 1985; Koza, 1994) based on the inspiration of biological 

evolution and natural selection. In GP, each potential solution to the problem is 

represented by an expression tree (ET) consisting of branches and leaves. Figure 3-6 

depicts a sample ET with a simple mathematical equation: 1 2( 5) 3y x x= + −   where y 

represents the output and xi (i = 1, 2) represents inputs.  
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Figure 3-6 A sample ET of the GP algorithm. 

As shown in Figure 3-6, the branches in an ET are represented by different functions, 

including arithmetic functions (i.e. +, -, and *), trigonometric functions (i.e. sin and cos), 

exponential and logarithmic functions and special functions (i.e. integral). In contrast, 

terminals are used to represent leaves, and the most widely used terminals are input 

variables and constant. 

The GP modelling starts from an initial population generated randomly by the grow 

method and the full method (Koza, 1994). Then, the fitness of each ET is determined 

based on the designed fitness measure (i.e. coefficient of determination). Mimicking 

Darwinian evolution, ETs with the best performance are most likely to be selected and 

used for the creation of the successive generations (offspring). Crossover and mutation 

are two methods for the offspring generation using the ETs from the last generation 

(shown in Figure 3-7). The generation-selection-generation process is iterated until the 

stopping criterion (such as the maximum number of generation) is reached. 
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Figure 3-7 Illustration of crossover and mutation process. 

The above introduction about GP suggests that there are several hyper-parameters for 

the GP modelling, including: (i) a function set and a terminal set; (ii) a fitness measure; 

(iii) GP parameters for the generation and evolution of ETs. The above-mentioned hyper-

parameters need to be pre-determined by ML practitioners before the implementation of 

GP modelling for their problems. 

3.3 Methodology 

Figure 3-8 illustrates the whole procedure for utilising ML algorithms to predict 

experimental results during CPB design. As shown, the implementation of ML algorithms 

mainly consists of dataset preparation, cross-validation, hyper-parameters tuning and 

performance evaluation. 
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Figure 3-8 Flowchart of the prediction of experimental results using ML algorithms. 

3.3.1 Dataset Preparation 

Prior to the implementation of ML algorithms, datasets need to be prepared, including 

dataset collection, dataset pre-processing and dataset splitting. 

3.3.1.1 Dataset collection 

There are a number of ways to collect data for ML algorithms, such as through 

literature review, analytical solution or numerical modelling. In this thesis, data were 

collected through laboratory experiments. 

For each type of experiments, one or more variables need to be selected as output 

variables. Then, influencing variables of the output are selected by engineering 

experiences or recommendations in the literature. Furthermore, a suitable range for each 

influencing variable also needs to be determined before the orthogonal experimental 

design is conducted. Finally, experimental results are analysed and collected as instances 

in the dataset.  

Taking the UCS experiment as an example, the UCS of CPB specimens was the output 

variable, and its influencing variables included curing time, solids content, etc. The 

suitable range for the influencing variables of UCS was usually determined by rheological 
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tests (i.e. slump tests) to ensure the produced CPB slurry can be transported using a pipe 

system. An orthogonal experimental design was then performed to investigate the UCS 

of CPB specimens under the coupled influence of the selected influencing variables. Each 

experimental scenario, as well as its corresponding UCS, was collected as an instance in 

the prepared dataset. 

3.3.1.2 Dataset pre-processing 

After the dataset collection from experimental results, instances in the dataset need to 

be carefully checked. Firstly, the completeness of instances needs to be examined to 

ensure the collected dataset does not contain missing data. Special care is required to deal 

with missing data, and a common practice during the application of ML algorithms is to 

use only complete instances (Junker et al., 2013). Missing data imputation can also be 

used to make use of incomplete instances, whose implementation depends on the nature 

of the missing data (Qi et al., 2018g). 

Secondly, the data type needs to be reviewed. For a regression problem, numerical 

data are always preferred as they can be directly used in ML algorithms. If nominal data, 

data that represent discrete categories, are encountered, one-hot encoding is often used to 

change nominal data to numerical data. Figure 3-9 shows the one-hot encoding used 

during the application of ML algorithms in the flocculation and sedimentation (FS) 

experiments. In the original dataset collected from FS experiments, the flocculant type 

was one nominal influencing variable. The flocculants type data were then transformed 

to the numerical variable through one-hot encoding so that they could be used in the ML 

algorithms mentioned above. 

 

Figure 3-9 Illustration of the one-hot encoding process in FS modelling. 

Finally, normalisation is performed to improve the ML modelling efficiency using the 

following formulas: 



 MACHINE-LEARNING AIDED CPB DESIGN | 3-13 

 

 
i min

i

max min

x x
x

x x

− =
−

  (3-5) 

 y i min
i

max min

y y

y y

− =
−

  (3-6) 

where ix  represents input values, iy represents output values, minx , maxx , miny , maxy  

represent the minimum and maximum values for input and output variables, and ix  , iy 

represent the normalised input and output values. 

3.3.1.3 Dataset splitting 

In supervised learning, ML models are usually trained on a training set, and the 

evaluation of models’ predictive performance is performed on an independent testing set. 

Thus, the whole dataset needs to be split into the training set and the testing set. The first 

consideration during dataset spliting will be the training set size. For one thing, too small 

a training set will induce incomplete learning of ML models, resulting in low predictive 

performance. For another, too large a training set may cause overfitting, affecting the 

generalisation to new data. In ML practice, the percentage of the training set to the 

original dataset is usually determined by an optimisation analysis. More specifically, the 

predictive performance of ML models on the testing set is investigated when the training 

set percentage is progressively increased. 

During dataset splitting, the employed sampling method also affects the performance 

of ML modelling. It is desired that the training data are representative of the whole dataset. 

The iterative random sampling (IRS) and Kennard-Stone (KS) sampling are the two most 

popular sampling methods in the literature. IRS picks the data instances randomly in the 

whole dataset, and the dataset splitting is performed several times to reduce the 

randomness. In contrast, KS sampling is designed to select the data instances evenly in 

the space of interest (Kennard and Stone, 1969). A comparison between IRS and KS in a 

two-dimensional dataset is shown in Figure 3-10. 
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Figure 3-10 Comparison of IRS and KS in a two-dimensional dataset. 

3.3.2 Cross-validation 

There are several validation methods available for ML models, including the simple 

substitution method, holdout method, bootstrap method, and bolstered method (Braga-

Neto et al., 2004; McLachlan, 1992). One of these methods, and probably the most 

popular one, is k-fold cross-validation (CV) (Stone, 1974). In the k-fold CV, the original 

training set is divided into k folds. An ML model is trained using (k − 1) folds while 

validated using the remaining one fold. This process is repeated k times with different 

folds being used as the validating fold and the performance on the training set is the 

average performance committed in each fold. 

As mentioned above, the performance of the k-fold CV depends on the partition of 

the original training set. Computation time and variance need to be taken into 

consideration during the determination of the k value. Figure 3-11 shows the process of a 

5-fold CV. 
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Figure 3-11 5-fold CV. 

3.3.3 Hyper-parameters tuning 

All ML algorithms mentioned above have several important hyper-parameters that 

need to be pre-determined before their implementation. ML models built with different 

hyper-parameters will have different predictive performance, and careful tuning is 

necessary to find ML models with expert-level performance. In the literature, hyper-

parameters tuning is often conducted using the exhaustive grid search method or using 

optimisation algorithms. 

Exhaustive grid search uses a predetermined set of values for each hyper-parameter 

and calculates predictive performance of ML algorithms with all possible combinations 

of these hyper-parameters. The best predictive performance will be searched considering 

the selected performance measures, and then the optimum hyper-parameters can be 

determined. 

Optimisation algorithms can also be used for the hyper-parameters tuning of ML 

algorithms. In such applications, the objective function of optimisation algorithms is often 

selected to be one of the performance measures (i.e. the correlation coefficient). Then, 

this objective function is progressively increased during the iteration of optimisation 

algorithms. In this thesis, firefly algorithm (FA), genetic algorithm (GA) and particle 
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swarm optimisation (PSO) are selected to be the optimisation algorithms. A brief 

introduction to FA, GA, and PSO is provided below, and interested readers can refer to 

the literature (Qi et al., 2019a; Qi et al., 2018a; Qi et al., 2018e) and references therein 

for more detailed explanations. 

FA is a swarm-based technique inspired by the flashing patterns and behaviours of 

fireflies. It is proposed by Yang (2010) for the searching of global optimum solutions. 

The basic rules utilised in FA are as follows: (1) fireflies are unisex (2) the attractiveness 

among fireflies is positively correlated to the brightness and negatively correlated to 

mutual distance (3) the brightness is calculated based on the objective function. FA not 

only has similar advantages that other metaheuristic optimisation algorithms (MOAs) 

have, it also has two major advantages over other MOAs: the automatical subdivision and 

the ability to deal with multimodality (Yang and He, 2013). 

GA is a randomised method used in function optimisation that mimics the process of 

natural selection. It was developed by Holland (1992) and has been successfully used in 

various optimisation problems. In GA, a generation refers to a collection of potential 

solutions, and each potential solution is called an individual. The individual is represented 

by a binary string called a chromosome, which will be continuously updated during the 

iteration of generation. The successful application of GA relies on the fitness selection 

that measures the performance of each individual for the optimisation problems. There 

are mainly four operations in GA, namely initialisation, selection, crossover and mutation. 

PSO is a population-based optimisation method that relies on the communication and 

cooperation of a swarm of particles. The objective of PSO is to find an optimal solution 

for a multidimensional searching problem. PSO starts from a randomly generated swarm 

of particles, and each represents a potential solution to the problem. The performance of 

each particle in the first swarm is determined by the selected fitness function, which will 

be optimised during PSO. At every iteration, the position of every particle is adjusted 

considering its current position and velocity. The particle velocity is influenced by three 

components, namely previous velocity, best position in history (cognitive influence), and 

the swarm best position in history (social influence). Eventually, the swarm moves to the 

optimum position that has the best fitness (Platos et al., 2012). 



 MACHINE-LEARNING AIDED CPB DESIGN | 3-17 

 

3.3.4 Performance evaluation 

To evaluate the performance of ML models, the following statistical descriptors can 

be calculated between the predicted and experimental results. 

Correlation coefficient (R): R measures how well the association is between changes 

in two variables. R is ranged between [-1, 1], in which -1 indicates a perfectly-negative 

correlation and 1 indicates a perfectly-positive correlation. R is defined as: 
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where N is the number of instances, iy  and *

iy are the experimental and predicted 

output value of the ith instance, and y is the average output value in the subset. 

Coefficient of determination (R2): R2 measures how well the output is predicted using 

the proportion of total variation of output explained by the ML model (Draper and Smith, 

1998). R2 is defined as: 
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Mean-square error (MSE): MSE measures the squared distances between the 

experimental and predicted output values, which can be calculated as follows: 

 
* 2

1

1
MSE ( )

N

i i

i

y y
N =

= −   (3-9) 

Root-mean-square error (RMSE): RMSE is the standard deviation of the error 

between experimental and predicted output values. It is often used to find unexpected 

large differences. RMSE is defined as: 



 MACHINE-LEARNING AIDED CPB DESIGN | 3-18 

 

 
* 2

1

1
RMSE ( )

N

i i

i

y y
N =

= −   (3-10) 

Slope of regression lines (ks): ks is calculated to be the slope of the linear regression 

equation fitted between experimental and predicted output values. A perfect prediction 

will produce a linear regression with ks = 1 and intercept = 0. The calculation expression 

for ks is given below: 
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Willmott’s index of agreement (IA): IA is widely used to measure the degree of model 

prediction error. IA is ranged between [0, 1], in which 1 indicates a perfect prediction and 

0 indicates an ineffective prediction (no better than randomly guessing). IA is defined as: 

 

* 2

1

* 2

1

( )

IA 1

( )

N

i i

i

N

i i

i

y y

y y y y

=

=

−

= −

− + −




  (3-12) 

Performance evaluation is often conducted on both the training set and the testing set 

after the hyper-parameters tunning. On the training set, the experimental values are 

predicted through k-fold CV. Each time one subset of the training set is predicted with 

the remaining (k - 1) subsets being used for model training. The prediction is repeated for 

k times so that the whole training set can be predicted. On the testing set, the optimum 

ML model is trained using the whole training set, and the prediction is made through the 

trained ML model. 

3.4 Summary 

The emergence of big data and contemporary ML algorithms has made it promising 

to incorporate ML algorithms in CPB design. This chapter presents a new CPB design 

framework, the MLAD_CPB, and explains its necessities and benefits. In this thesis, the 

implementation of MLAD_CPB is illustrated by predicting experimental results using 

ML algorithms, which can save time, reduce trial tests and cut costs. 
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The methodology for the prediction of experimental results using ML algorithms is 

detailed in this chapter. Firstly, ML is briefly introduced, including supervised and 

unsupervised learning. A brief introduction to several ML algorithms that are employed 

in Part III – Applications is presented. The selected ML algorithms are ANN, RT, RF, 

GBRT and GP. The flowchart for utilising ML algorithms to predict experimental results 

is provided, which mainly consists of dataset preparation, cross-validation, hyper-

parameters tuning and performance evaluation. 

Dataset preparation mainly includes dataset collection, dataset pre-processing and 

dataset splitting. Validation is selected to be the most popular validation method, the k-

fold CV. Hyper-parameters tuning can be performed using the exhaustive grid search 

method or using optimisation algorithms, and the predictive performance of ML models 

is evaluated by several statistical descriptors. 
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4 TOWARDS MACHINE-LEARNING 

AIDED FS 

The clarification of tailings slurry using polymer flocculants has been widely used in 

the mining industry to maximise the density of mine tailings. In this chapter, a data-driven 

model was proposed to predict flocculation performance. Gradient boosting regression 

tree (GBRT) was used for the non-linear relationship modelling, and FA was used for the 

tuning of the GBRT hyper-parameters. Two studies were performed, where the main 

study omitted the influence of chemical characteristics of full stream tailings (FST) while 

the supplementary study considered this. The experimental results were briefly discussed, 

and the modelling results show that the GBRT had good performance in flocculation 

prediction. 

 

4.1 Introduction 

Full stream tailings (FST) are a major source of contamination to the environment, 

especially in global arid and semiarid regions (Valentín-Vargas et al., 2018). In a slurry 

form with a mixture of fine particles and water, FST are inevitable by-products of 

hardrock mining. According to Sun et al. (2018), more than 25 billion tons of FST have 

been produced in China, resulting in approximately 12,000 tailings ponds. Similar 

statistics illustrating the poor disposal of FST can be observed in Australia, Brazil, 

southern North America and Canada (Cross and Lambers, 2017; Lu et al., 2016). These 

surface-disposed tailings destroy land resources and pose serious environmental concerns, 

severely limiting the cleaner production of the mining industry. Recycling FST as 

cemented paste backfill (CPB) has been proven to be an ideal option for the safe and 

environmental disposal of FST (Qi et al., 2019c). 
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CPB is an engineered composite material produced with FST, hydraulic binders and 

mixing water. Before CPB preparation, the tailings slurry from the milling or processing 

operation needs to be dewatered as it may contain dispersed particles that hinder the 

consolidation and strength gain of CPB (Bussière, 2007). The dewatering process is 

important and complementary for FST recycling, which can provide at least two 

environmental benefits: (1) recycle water by settling the colloidal particles and (2) recycle 

dewatered FST as CPB to underground stopes. Consequently, many solid-liquid 

separation techniques have been proposed, among which settling fine tailings using 

polymeric flocculants has been widely used in mining practice (Lee et al., 2012). 

The effectiveness of the flocculation process depends on various factors (e.g. the 

flocculant type and the tailings composition) and involves different destabilisation 

mechanisms (Hogg, 2000; O’Shea et al., 2011). Significant advances have been achieved 

in the literature through numerous studies related to the flocculation of FST. For example, 

Lu et al. (2016) proposed a two-step flocculation process using two oppositely charged 

polymers for oil sands tailings treatment. Efficient and cost-effective flocculation relies 

on the determination of appropriate polymers and their dosage for a specific type of FST 

(Grabsch et al., 2013; Salam et al., 2016). Thus, lots of flocculation experiments need to 

be performed for each type of FST, which are often cumbersome and costly. Furthermore, 

the full potential of experimental results is rarely realised as data-driven techniques that 

can deal with large quantities of data are lacking. Therefore, a prediction model about the 

flocculation process on FST treatment is desired for polymers selection and dosage 

optimisation. 

Nowadays, ML algorithms have been widely used to model the relationship between 

inputs and outputs in many fields of civil and mining engineering. To the best of the 

author’s knowledge, there is no ML-based prediction model for the flocculation process 

on FST treatment in the literature. Among all widely used ML algorithms, GBRT offers 

various advantages that make it an appealing technique for modelling the flocculation 

process: (1) it is an ensemble method that combines a large number of RTs to improve 

the predictive performance (Elith et al., 2006), (2) it is relatively robust to outliers, (3) it 

incorporates interaction between influencing variables. Moreover, the GBRT algorithm 

has been proven to have better predictive performance compared with other ML 

algorithms on several datasets in the literature (Qi and Tang, 2018; Roe et al., 2005). As 
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the successful application of GBRT relies on the careful tuning of its hyper-parameters, 

FA can be used for efficient hyper-parameters tuning of GBRT. 

The current study aims to propose a data-driven method, the FA-GBRT, for modelling 

the flocculation process on FST. In the main study, 27 types of FST and 4 types of 

polymer flocculants were used for dataset preparation. The initial settling rate (ISR) was 

selected as the output variable. The PSD of FST, the SC of tailings slurry, the flocculant 

type, and the flocculant dosage were selected as the input variables. The performance of 

regression models was measured by R on both the training set and the testing set. In the 

supplementary study, the chemical characteristics of 7 types of FST were also determined 

and considered as the influencing variables for the flocculation process. 

4.2 Materials and methods 

4.2.1 Materials 

4.2.1.1 Full stream tailings 

The FST used in the main study were taken from 27 mines in China. For each 

sampling site, the FST were obtained from processing plants and homogenised on-site. 

The representative FST samples were transported to the Analysis and Test Centre of 

Central South University, China. Experiments were immediately performed once each 

type of FST was received in order to preserve its physical and chemical properties. 

The PSD of FST was determined using the wet sieving method following the ASTM 

C-136 standard. As suggested in the literature (Durner et al., 2017; Torres-Sallan et al., 

2017), the wet sieving method was selected for a quick and cost-saving determination of 

PSD. It is noted that the wet sieving method may not be suitable for superfine tailings and 

it can be improved in future studies using the laser diffraction analyses. Wet sieving was 

done using standard 200 mm analytical sieves of 37, 45, 75, and 150 m mesh size (Figure 

4-1), which were selected based on engineering judgements and recommendations in 

Paliewicz et al. (2015). Therefore, the weight percentage of five categories, including <37 

m, 37-45 m, 45-75 m, 75-150 m, and >150 m, were determined for each type of 

FST. For the supplementary study, the chemical compositions of the FST were 

determined using a XRD (Bruker AXS D8 Advance Diffractometer). 
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4.2.1.2 Polymer flocculants 

Four types of anionic polyacrylamide (APAM) polymers were used in the flocculation 

tests with the commercial name of A110, XG9020, 83376 and JR4332. These flocculants 

were selected based on engineering experiences on tailings treatment and 

recommendations in Bian et al. (2017). Prior to the flocculation tests, polymer flocculants 

were diluted with distilled water for the preparation of a homogeneous solution (0.1%). 

A certain amount of polymer flocculants were added and the polymer dosage is calculated 

based on the FST weight. 

 

Figure 4-1 Analytical sieves and wet sieving. 

4.2.2 Settling tests 

After the preparation of the polymer solution, the settling tests were performed 

considering suggestions in Ji et al. (2013). Briefly, a certain amount of FST samples were 

transferred into a 1000 ml measuring cylinder, and uniformly mixed at 600 revolutions 

per minute (RPM) for 2 minutes. Then, the mixing speed of the electric mixer was 

decreased to 300 RPM, and the polymer solution was dribbled into the homogeneous 

tailings slurry in 1 minute. The electric mixer was immediately stopped once the desired 

amount of polymer solution had beed added. Finally, the measuring cylinder was inverted 

5 times, and the mudline (the solid/liquid interface) was recorded with the increase of the 

settling time. 
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4.2.3 ML modelling setup 

The methodology for predicting experimental results using ML algorithms has been 

detailed in Chapter 3. In the following, the ML modelling setup for the example dataset 

from FS experiments is presented. 

4.2.3.1 Dataset preparation 

The dataset used for the main study, the main dataset, was obtained from settling 

experiments on 27 types of FST and 4 types of polymer flocculants. The initial settling 

rate (ISR) (m/h), which is calculated to be the initial slope of the settling curve (mudline 

vs settling time), was used as the output variable (Figure 4-2). ISR has been widely used 

in the literature as being representative of the settling curve (Ji et al., 2013; Lu et al., 

2016), which it is why it was chosen. The influencing variables for ISR were selected to 

be the PSD of FST, the SC of tailings slurry, the flocculant type, and the flocculant dosage. 

It needs to be noted that the selection of influencing variables was based on engineering 

requirements from the mine sites. More influencing variables (i.e. pH, alternative 

polymers and testing procedures) can be investigated in the future when funding and time 

are more available. 

In this chapter, PSD was used to represent the FST type in the main study as the PSD 

evolution with time has been widely used to characterise the flocculation process (Hunt 

and Dusek, 2006; Sharp et al., 2006). Moreover, PSD of FST is one of the primary 

variables controlling the dispersion of particles, thus having significant influences on the 

flocculation process (Alam et al., 2011; Kim et al., 2011). 
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Figure 4-2 Schematic of the ISR determination using the settling curve. 

The dataset for the supplementary study, the supplementary dataset, was prepared 

using 7 types of FST due to their availability and engineering requirements from the mine 

site. The only difference between the main dataset and the supplementary dataset was the 

consideration of chemical characteristics of FST. In the supplementary dataset, the 

chemical characteristics of FST were also included as the influencing variables for the 

flocculation process. 

Data normalisation was performed for both the main dataset and the supplementary 

dataset. In the case of the dataset splitting, the whole dataset was randomly split into the 

training set (70%) and the testing set (30%) after the optimisation study. 

4.2.3.2 FA-GBRT setup 

As discussed before, GBRT was used for the non-linear relationship modelling from 

inputs to output and FA was used for the GBRT hyper-parameters tuning. Table 4-1 

summarises the hyper-parameters tuned in this chapter, as well as their corresponding 

tuning ranges. The 5-fold CV was selected to be the validation method. 
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Table 4-1 Tuned hyper-parameters of GBRT. 

Parameters Explanations Tuning ranges 

loss Loss function to be optimised Least squares and absolute 

deviation 

n_estimators The number of boosting stages 1-1 × 103 

max_depth Maximum depth of estimators 1-100 

min_split Minimum node splitting number 2-20 

min_leaf Leaf node minimum sample 1-10 

In the case of FA, the mean R value (between experimental and predicted ISR values) 

from 5-fold CV was used as the objective function. Thus, any set of hyper-parameters 

that achieved a higher mean R value on the training set would be represented by a brighter 

firefly. The generation size of FA and the maximum generation were selected to be 200 

and 30 respectively. The position update formula is shown in Equation 4-1 with parameter 

values being illustrated in the equation explanation. All the above parameters were 

selected based on recommendations in the literature (Su et al., 2017). 

 ( )( )1 2expt t t t

i i ij j i t tP P r P P  + = + − − +  (4-1) 

where Pi
t represents the position of the ith particle at generation t, 𝑟𝑖𝑗 represents the 

mutual distance between 𝑃𝑖 and 𝑃𝑗, 𝛽 represents the attractiveness when 𝑟𝑖𝑗 = 0, 𝛾 is the 

light absorption coefficient (0.001), 𝛼𝑡 is the step size parameter (0.15), and 𝜖𝑡 represents 

a random number obtained from the Gaussian distribution. 

4.3 Results and discussion 

4.3.1 Results of wet sieving, XRD and settling tests 

Table 4-2 shows the PSD of FST from 27 mines in China. As we can see, the PSD of 

different FST showed large variance. For example, 53.37% of T1 was smaller than 37 m 

while only 8.29% of T2 was smaller than 37 m. Similar findings can also be seen for 

other categories (i.e. the comparison of T7 and T16 in the >150 m category). The large 

variance in PSD was also the objective during the FST selection as the generalisation 



 TOWARDS MACHINE-LEARNING AIDED FS | 4-8 

 

capability of GBRT models might be improved when FST with evident differences were 

investigated. The chemical compositions of FST from 7 mines are shown in Table 4-3. 

Table 4-2 PSD of FST from 27 mines in China. 

FST >150 74-150 45-74 37-45 <37 

T1 12.91 11.71 12.88 9.14 53.37 

T2 29.82 35.98 22.97 2.94 8.29 

T3 22.81 29.87 28.50 5.54 13.28 

T4 1.22 4.33 10.27 5.13 79.05 

T5 14.63 6.19 19.18 7.71 52.29 

T6 1.82 3.24 1.03 8.52 85.39 

T7 53.25 11.73 7.07 2.65 25.31 

T8 31.22 25.21 3.57 1.75 38.25 

T9 35.06 11.01 5.86 2.86 45.21 

T10 1.88 7.58 23.56 9.97 57.01 

T11 6.51 4.38 6.37 3.91 78.83 

T12 2.51 24.85 33.28 14.38 24.95 

T13 9.69 12.75 23.68 9.82 44.02 

T14 4.84 21.17 30.16 8.42 35.41 

T15 37.57 13.29 13.62 4.60 30.92 

T16 0.023 0.16 25.7 13.36 42.41 

T17 26.47 17.86 17.07 5.51 33.02 

T18 20.86 14.3 15.71 7.11 41.97 

T19 28.81 20.01 11.2 4.36 35.52 

T20 1.65 2.61 4.51 3.92 87.23 

T21 8.29 11.88 15.73 9.28 54.73 

T22 1.61 2.04 4.87 5.51 85.75 

T23 23.31 11.53 13.98 5.07 46.02 

T24 13.41 13.91 21.52 9.96 41.06 

T25 19.43 20.92 23.78 6.59 29.22 

T26 11.34 17.39 20.29 6.69 43.69 

T27 15.55 14.72 18.04 5.29 46.40 
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Figure 4-3 shows the settling results for T1 at different SC values using the A110 

polymer flocculant (dosage = 10 g/t) as an illustration. As shown, ISR decreased with 

increasing SC, which might be due to the increased viscosity that reduces the particle 

settling (Remington, 2013). According to (Rutgers, 1962), the viscosity of slurry will 

increase with SC through physical particle interactions. The experimental results are in 

agreement with findings in the literature (Mangesana et al., 2008; Remington, 2013; 

Rutgers, 1962). The whole experimental results are provided as dataset 1 in 

http://www.chongchongqi.com/index.php/Home/Article/article/aid/269.html, which is 

not discussed in detail as the main objective of this study is proposing a novel prediction 

model based on the FA-GBRT. 

Table 4-3 Chemical characteristics of the FST from 7 mines. 

FST SiO2 CaO Al2O3 MgO Fe2O3 S 

T4 38.07 18.14 3.89 2.58 6.14 12.95 

T5 59.18 2.43 6.78 3.41 11.45 3.87 

T10 65.7 1.88 14.3 0.49 3.05 0.13 

T11 24.1 4.9 19.97 0.66 26.75 0.00 

T15 42.54 7.47 8.21 0.16 19.18 5.14 

T16 66.18 1.25 16.72 0.19 4.97 1.43 

T23 73.58 5.44 5.55 3.11 6.19 5.19 

 

Figure 4-3 Results of the settling tests for T1 using the A110 at 10 g/t dosage. 

As discussed before, the input variables for the main study were selected to be the 

PSD of FST, the SC of tailings slurry, the flocculant type, and the flocculant dosage. In 

http://www.chongchongqi.com/index.php/Home/Article/article/aid/269.html
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the supplementary study, the chemical compositions were also considered as input 

variables. PSD and chemical compositions of FST were represented by five and six 

numerical values shown in Table 4-2 and Table 4-3, respectively. One-hot encoding was 

used to handle nominal data of the flocculant type, leading to a further four input variables 

(Figure 3-9). Therefore, there were 11 input variables in the main dataset and 17 input 

variables in the supplementary dataset. The main dataset contained 350 instances, and the 

supplementary dataset contained 102 instances. 

The interaction among input variables for the main dataset was investigated, which 

showed that most input variables had relatively weak correlations (R < 0.5) with one 

another. All moderate correlations were obtained among five PSD input variables (i.e. R 

= 0.65 between the percentage of >150 m and 37-45 m). Note that the correlation 

between input variables has little influence the performance of GBRT (Mayr et al., 2012). 

4.3.2 Results of the main study 

The results of the main study are discussed in detail, including hyper-parameters 

tuning, performance evaluation of the GBRT model and relative variable importance. 

4.3.2.1 Hyper-parameters tuning 

Figure 4-4 shows the evolution of the highest mean R value from each FA generation. 

As discussed before, the corresponding hyper-parameters of the optimum mean R value 

among all generations would be the optimum hyper-parameters. Only the first ten 

generations are shown in Figure 4-4 as there was no increase in the highest mean R value 

(indicating no changes for the optimum hyper-parameters) after the eighth generation. 
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Figure 4-4 Evolution of the highest mean R value from each generation in the main 

dataset. 

As can be seen, the highest mean R value from each generation was progressively 

increased with generations. The highest mean R value was 0.790 at the first generation, 

which was increased to 0.795 at the eighth generation. This result indicates that FA was 

efficient in the hyper-parameters tuning of GBRT and the optimum mean R value was 

obtained within the first eight generations. The corresponding hyper-parameters of the 

optimum mean R value were determined, which were represented as the optimum hyper-

parameters in the following analysis. The optimum hyper-parameters of GBRT in this 

chapter were: loss = least squares, n_estimaters = 205, max_depth = 5, min_split = 5, and 

min_leaf = 7. 

4.3.2.2 Performance evaluation of the GBRT model 

Figure 4-5 illustrates the performance of the optimum GBRT model on the training 

set and the testing set of the main dataset. As shown, the R value between predicted and 

experimental ISR values on the training set was 0.795, which was close to the criterion 

(R > 0.800) proposed in the literature (Golbraikh and Tropsha, 2002; Roy et al., 2016). In 

comparison, the R value on the testing set was 0.841, indicating a good prediction has 

been achieved on the testing set. The prediction of the optimum GBRT model on the 

testing set out-performed that on the training set, which was quite understandable as the 

prediction on the training set was based on incomplete training subsets (see Section 3.3.4 
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for details). The performance of the optimum GBRT model could be considered 

acceptable as it achieved good prediction on the testing set.  

 

Figure 4-5 Performance of the optimum GBRT model on the main dataset: (a) 

training set, (b) testing set. 

The performance of the optimum GBRT model on the testing set of the main dataset 

is further illustrated in Figure 4-6. It can be seen that the predicted ISR values from the 

optimum GBRT model showed a good agreement with the experimental ones (Figure 

4-6a). The maximum and minimum residual ISR values (experimental ISR values minus 

predicted ISR values) were 0.392 and -0.394, respectively (Figure 4-6b). However, there 

were only a few instances that receive such unsatisfactory predictions and most of the 

residual ISR values were between -0.2 to 0.2. This phenomenon can be further illustrated 

by Figure 4-6c, which details the distribution of the absolute residual ISR value on the 

testing set. As shown, the vast majority (76.2%) of instances in the testing set were 

predicted with the absolute residual being around or below 0.1, indicating a reasonably 

good prediction can be made for most instances. Only 12 instances in the testing set were 

predicted with an absolute residual ISR being over 0.2. In general, an adequately good 

prediction on the testing set was made by the optimum GBRT, which confirmed that 

GBRT had high potential in modelling the relationship between ISR and its influencing 

variables. 
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Figure 4-6 Performance of the optimum GBRT model on the testing set of the main 

dataset (a) comparison between experimental and predicted ISR values, (b) residual ISR 

values, (c) distribution of the absolute residual ISR values. 

4.3.2.3 Relative importance of influencing variables 

The relative importance of ISR influencing variables was investigated for a better 

understanding of the flocculation process. In this chapter, partial dependence plots and 

the relative importance score were utilised. Partial dependence plots are a widely used 

tool to visualise the dependence of the output variable on each input variable. For a 

particular input variable, its partial dependence plot starts with choosing a number of 

values of this variable. For each value, the prediction is made using the trained model on 

all cases of other input variables. The mean output value is calculated for each value of 

this variable, which will be plotted in the vertical axis with the input value being plotted 

in the horizontal axis. Generally, the bigger the output response when an influencing 



 TOWARDS MACHINE-LEARNING AIDED FS | 4-14 

 

variable is changed, the more significant of this influencing variable. Also, the positive 

or negative correlation between an influencing variable and the output variable can be 

observed through analysing the change of the output with the change of this influencing 

variable. 

The relative importance score of influencing variables in a single RT can be calculated 

by summing the squared improvements at all splits determined by each influencing 

variable (Breiman, 2017). In GBRT, the relative importance score of an input variable is 

calculated to be the mean score from the collection of RTs. A detailed explanation of 

partial dependence plots and the relative importance score can be easily found in relevant 

references (Breiman, 2017; Friedman et al., 2009; Friedman, 2001). 

Figure 4-7 illustrates the partial dependence plots of all evaluated influencing 

variables of ISR from the main dataset. During the partial dependence plots analysis, the 

flocculant type that contained four input variables from one-hot encoding was considered 

as one variable for clarity purpose. As we can see, the percentage of >150 m, 74-150 

m and 45-74 m had an overall positive correlation with ISR while the percentage of 

37-45 m and <37 m had an overall negative correlation with ISR. Above results show 

that coarse particles would facilitate the flocculation process, which was quite 

understandable as relatively coarse particles have a negligible particle-particle attraction 

that promotes the formation of flocs and aggregates (Cheng, 1980). Furthermore, ISR 

value increased with decreasing SC and increasing flocculant dosage, which shows good 

agreement with findings in the literature (Cheng, 1980; Kanungo, 2005; Mangesana et al., 

2008; Remington, 2013; Rutgers, 1962). 
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Figure 4-7 Partial dependence plots of ISR influencing variables from the optimum 

GBRT model. 

The importance scores of all input variables are illustrated in Figure 4-8 with their 

summation being normalised into one. As shown, the most significant variable for ISR 

was the PSD of FST, which achieved a total importance score of 0.420. The SC of tailings 

slurry was also quite important with an importance score of 0.359. In comparison, the 

influence of the flocculant dosage was relatively small (importance score = 0.194) and 

the least influential variable was the flocculant type (importance score = 0.027). It needs 

to be noted that the importance score was obtained based on the laboratory results in this 

chapter and it is likely that more representative results can be obtained with an enlarged 

dataset. For example, the importance score of the flocculant type might be increased when 

other types of flocculants are used, such as cationic flocculants. However, the results are 

applicable when similar flocculants are used in flocculation practice. 
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Figure 4-8 Importance scores of ISR influencing variables from the optimum GBRT 

model for the main dataset (1: >150 m; 2: 74-150 m; 3: 45-74 m; 4: 37-45 m; 5: 

<37 m; 6: slurry solids content; 7: A110; 8: XG9020; 9: 83376; 10: JR4332; 11: 

flocculants dosage). 

4.3.3 Results of the supplementary study 

The procedure for implementing the FA-GBRT on the supplementary dataset was the 

same with the procedure on the main dataset. In this section, the results of the 

supplementary study were discussed briefly and compared with the results of the main 

study. 

Figure 4-9 shows the predictive performance of the optimum GBRT model on the 

testing set of the supplementary dataset and the variable importance. As shown, the R 

value between the experimental and predicted ISR values was 0.872, indicating a good 

predictive performance of the optimum GBRT model. Compared with the R value on the 

testing set of the main dataset (0.841), it can be concluded that considering the chemical 
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characteristics of FST is likely to improve the predictive performance of GBRT modelling. 

Moreover, the FST can be better represented by the combination of PSD and XRD, 

compared with PSD alone.  

In the case of the relative variable importance, Figure 4-9c shows that the chemical 

characteristics of FST were also non-negligible influencing variables for the flocculation 

process (importance score = 0.142). It needs to note that SC was the most crucial 

influencing variable from the importance analysis of the supplementary study, which 

might be due to the difference in dataset size. The comparison between importance scores 

of the PSD of FST, the SC of tailings slurry, the flocculant type and the flocculant dosage 

was believed to be more accurate in the main study (as shown in Figure 4-8), where a 

larger dataset was used. More representative results of the importance score can be 

obtained when more data with chemical compositions are available. 

 

Figure 4-9 Results of the supplementary study: (a) and (b) performance of the 

optimum GBRT model on the testing set of the supplementary dataset, (c) variable 

importance. 
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4.3.4 Contribution and limitations 

The primary strength of this study was validating the feasibility of MLAD_CPB on 

flocculation prediction. Towards this end, a data-driven method was proposed to predict 

the ISR of flocculation experiments. This study is the pioneer work in the application of 

ML algorithms in FS, which paves a new way for flocculation design. The proposed 

prediction method is expected to aid the flocculation process in a) supporting flocculation 

design by estimating the ISR of a flocculation scenario prior its application, b) reducing 

the number of trial flocculation experiments for time and cost saving, c) identifying the 

best flocculants type, d) optimising the flocculants dosage. 

The ignorance of chemical characteristics in the main study was an explicit limitation 

of the present study. A further limitation was that only APAM based polymers are used 

in the current study. A final limitation was other influencing variables of the flocculation 

process, such as the dosage point, dosing method, and temperature, are not investigated. 

4.4 Summary 

A data-driven prediction model, the FA-GBRT, was proposed for the flocculation 

process of FST using polymer flocculants. The model was composed of GBRT and FA, 

in which GBRT was used for the non-linear relationship modelling, and FA was used for 

the GBRT hyper-parameters tuning. Flocculation tests have been conducted on 27 types 

of FST and 4 types of anionic flocculants to provide the main dataset, and the results from 

7 types of FST were used to prepare the supplementary dataset. The ISR was selected to 

be the output. The PSD of FST, the SC of tailings slurry, the flocculant type and the 

flocculant dosage were considered to be the inputs in the main study, and the chemical 

characteristics of FST were also considered to be the inputs in the supplementary study. 

The modelling performance was evaluated, and the relative importance of influencing 

variables was investigated. The results show that FA-GBRT model had good performance 

on flocculation modelling, validating the feasibility of MLAD_CPB on the FS process in 

CPB design. 

The main study shows that FA was efficient in the hyper-parameters tuning of GBRT 

with the optimum mean R value being obtained within the first 8 generations. The R 

between experimental and predicted ISR values on the testing set was 0.841, indicating 
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that the optimum GBRT model had good performance on the testing set. The vast majority 

(76.2%) of instances in the testing set were predicted with the absolute residual being 

around or below 0.1, which further verified the good performance of the optimum GBRT 

model. The coarse particles in the FST facilitate the flocculation process as relatively 

coarse particles have a negligible inter-particle attraction. Furthermore, ISR had an 

overall positive correlation with the flocculant dosage and an overall negative correlation 

with the SC. The PSD of FST was found to be the most significant influencing variable 

for the flocculation process, which achieved an importance score of 0.420. The 

importance scores for the SC, the flocculant dosage and the flocculant type were 0.359, 

0.194 and 0.027 respectively. The supplementary study shows that the predictive 

performance of GBRT could be improved with the consideration of the FST chemical 

characteristics. Furthermore, the chemical characteristics were shown to be non-

negligible influencing variables for the flocculation process with an importance score of 

0.142. 
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5 TOWARDS MACHINE-LEARNING 

AIDED CPB MIX DESIGN 

The primary objective of CPB mix design is to determine a suitable proportion of each 

constituent to produce CPB with required mechanical properties. In this chapter, the 

feasibility of MLAD_CPB in CPB mix design was validated through a series of 

incremental case studies. These case studies started with the UCS prediction under the 

coupled effect of tailings type, CTR, SC and curing time. After that, an enlarged UCS 

dataset was prepared, and the physical and chemical properties of tailings were considered. 

The prediction of other mechanical properties, including yield strength (YS), Young’s 

modulus (E) and unconfined tensile strength (UTS), was attempted. Finally, explicit 

prediction of UCS and constitutive modelling of CPB specimens were investigated. 

 

5.1 Introduction 

As discussed before, the cemented paste backfill (CPB) technology is a promising 

way for the safe disposal of mine tailings (Kesimal et al., 2002). Mechanical properties 

of CPB are of great significance during its engineering application. The most widely used 

mechanical property of CPB is the UCS since UCS tests are simple, economical and have 

been successfully correlated with accepted stability over many years of experience (Qi et 

al., 2018c). Numerous UCS tests have thus been performed, and tremendous progress has 

been achieved in understanding the relationship between UCS and its influencing 

variables.  

However, the UCS is not the only mechanical property that determines CPB stability 

(Fall et al., 2010). Other mechanical properties, such as the yield strength (YS; an 

indication of maximum stress without plastic deformation), the Young’s modulus (E; an 
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indication of deformation behaviour and stiffness) and the uniaxial tensile strength (UTS; 

an indication of resistance to cracking), are also key design parameters although they have 

only received a limited attention in the literature (Fall et al., 2010). The experimental 

determination of CPB mechanical properties is cumbersome and time-consuming because 

it involves much mechanical testing for each type of tailings and different testing methods. 

Therefore, a method that can accurately predict mechanical properties of CPB is desired. 

Another important topic that can promote a substantial stride in CPB design is 

constitutive modelling. The constitutive relationship, which can be directly used in 

numerical modelling, is believed to be more important for assessing and predicting the 

mechanical stability of CPB compared with some experimental characteristics, such as 

the UCS (Cui and Fall, 2016). Only a few studies have been performed to investigate the 

constitutive relationship of CPB with the help of conventional modelling approaches. 

Mathematical expressions are used in these conventional modelling approaches to 

approximate the experimental behaviour, making it difficult to obtain satisfactory results 

due to the nonlinearity, complexity and inelasticity of constitutive relationships (Zhou 

and Shen, 2015). 

ML algorithms pave a new way for both the prediction of mechanical properties and 

constitutive modelling. To validate the feasibility of MLAD_CPB in CPB mix design, a 

series of case studies were performed to investigate the suitability of ML algorithms in 

modelling mechanical properties and constitutive relationships. Four incremental case 

studies were performed for the prediction of mechanical properties with increasing 

dataset size, complexity and practicability (such as software development and explicit 

modelling). After that, another case study was performed to investigate the constitutive 

modelling of CPB. 

The organisation of this chapter is thus different from that of Chapter 4 as this chapter 

consists of five case studies. To improve clarity, materials and laboratory experiments 

that are related to all case studies are summarised in Section 5.2. From Section 5.3 to 

Section 5.7, five case studies are presented, including dataset description, ML modelling 

setup, and results and discussion. Section 5.8 summarises the main findings of this chapter. 
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5.2 Materials and laboratory experiments 

Figure 5-1 illustrates the utilised materials and laboratory experiments in this chapter. 

A detailed introduction is provided as follows. 

 

Figure 5-1 Materials and the experimental process. 

5.2.1 Materials 

The materials used for the preparation of CPB specimens included mine tailings, 

binders, and water. 

5.2.1.1 Mine tailings 

A total of 12 types of tailings were used in the following case studies, which were 

sampled from different mines in China. For each sampling site, the tailings slurry from 

the tailings discharge outlet was collected in plastic buckets for sedimentation. After 7 

days, the upper-layer of clarified water was removed, and the remaining dewatered 
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tailings were dried and mixed uniformly for CPB preparation. The specific gravity (Gs) 

of these tailings was determined according to the ASTM C642 (ASTM, 2013). The PSD 

was measured using a laser diffraction particle size analyser (Malvern Mastersizer 2000, 

England) and the chemical composition was measured using an XRD (Bruker SIEMENS 

D500, Germany). The Rietveld method was used to quantify mineralogical composition. 

5.2.1.2 Binder and water 

Based on China's OPC Standard (No. GB175-2007), No.325 Portland cement was used 

as the binder agent. Tap water was used as the mixing water. 

5.2.2 Laboratory experiments 

5.2.2.1 Specimen preparation 

CPB specimens with different types of mine tailings, CTR, SC and curing time were 

prepared. The mine tailings, binder and tap water were mixed in a concrete mixer (JJ-5, 

Hongda, Hebei Province of China) for 10 minutes to produce homogeneous CPB mixes. 

The produced CPB mixes were poured into bottom-drained plastic moulds (diameter 

50D =  mm and height 100h =  mm for UCS tests while diameter 50D = mm and 

thickness 25t = mm for UTS tests). After a rest period, demoulding was conducted and 

CPB specimens were placed in a curing box (YH-40B, Qingda, Tianjin of China) at 

approximately 25 ℃ and 90% humidity. The CTR, SC and curing time for each type of 

tailings were slightly different based on engineering experiences and the required slump 

value (170-250 mm) for slurry pipe transport (Wu et al., 2015a). 

The experimental scenarios were based on the selected influencing variables, namely 

the tailings characteristics, CTR, SC and curing time. External factors were not 

considered in this thesis due to the limited time and financial support. These external 

factors included, but are not limited to, the CPB-rock wall interaction, placement and 

curing conditions, self-weight/time-dependent consolidation, and drainage or bleeding of 

excess water. 

5.2.2.2 Uniaxial compressive strength tests 

UCS tests of CPB specimens were performed using an electro-hydraulic servo 

universal testing machine (SHT-4206, SANS, China) according to ASTM C39 (ASTM, 
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2018). Displacement loading was used, and the loading rate was chosen to be 0.5 mm per 

minute. A real-time data acquisition system was used to record the axial deformation and 

stress during UCS tests, leading to the determination of the stress-strain curves. Then, the 

stress-strain curves were used to determine the UCS, YS and E according to 

recommendations in Brady and Brown (2006). Three replicates of each UCS scenario 

were carried out, and their mean value was included in the dataset for further analysis. 

5.2.2.3 Uniaxial tensile strength tests 

UTS tests were performed using the electro-hydraulic servo universal testing machine 

(YAW-300C, Kairui, China) according to the recommendations of ASTM D 3976 

(Mahindrakar et al., 2014). CPB specimens cured for 28 days were loaded with a constant 

loading rate of 100 N/s until failure. The UTS of CPB specimens was considered to be 

the maximum tensile stress at the failure load. Three specimens were tested for each UTS 

scenario, and their mean values were included in the dataset. 

5.3 Case study 1: UCS prediction from tailings type, CTR, 

SC and curing time 

Case study 1 investigated the feasibility of ANN for the UCS prediction under the 

coupled effect of tailings type, CTR, SC and curing time. 

5.3.1 Laboratory experiments and ML modelling setup 

Three types of tailings were used in case study 1 for the preparation of dataset. Based 

on inspections and some trial tests, CTR was prepared at 1:4, 1:6, 1:8 and 1:10. The SC 

for three types of tailings was slightly different to ensure that the produced CPB slurry 

had adequate slump values. The curing time was selected to be 3, 7 and 28 days. A total 

of 396 CPB specimens were prepared. SC values and the whole dataset were shown as 

dataset 2 in http://www.chongchongqi.com/index.php/Home/Article/article/aid/269.html.  

ANN was used to learn the relationship between UCS and its influencing variables. 

The whole dataset was divided randomly into two parts: the training set (80%) and the 

testing set (20%). 10-fold CV was used as the validation method. The ANN architecture 

was tuned by PSO based on the average MSE value from 10-fold CV. In this case study, 

http://www.chongchongqi.com/index.php/Home/Article/article/aid/269.html
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the number of hidden layers (Num_hidden) and the number of neurons (Num_neuron) in 

each hidden layer were tuned. Based on trial tuning and experience, the tuning ranges for 

the Num_hidden and the Num_neuron were set to be 1–4 and 1–40, respectively.  

In the case of PSO parameters, the swarm size and the maximum iteration were chosen 

to be 300 as recommended in Armaghani et al. (2014). The inertia parameter, the 

cognitive influence parameter and the social influence parameter were selected to be 

(1+random)/2, 1.8 and 1.8 as recommended in Eberhart and Shi (2001). 

5.3.2 Results of hyper-parameters tuning 

Figure 5-2a shows the swarm minimum MSE values (corresponding to swarm best 

positions) versus iterations when a different number of hidden layers was used. A 

considerable decrease in the swarm minimum MSE was observed after one iteration, 

indicating that PSO was efficient in the ANN architecture-tuning. After that, the swarm 

minimum MSE progressively decreased in the first ten iterations. The lowest minimum 

MSE (0.095) was achieved by the ANN model with two hidden layers (14 neurons in the 

first hidden layer and 2 neurons in the second). The optimum ANN architecture used for 

further analysis is illustrated in Figure 5-2b. 

 

Figure 5-2 Hyper-parameters tuning: (a) minimum MSE versus iteration with 1–4 

hidden layers, (b) optimum ANN architecture. 

5.3.3 Results of ANN modelling 

The UCS values predicted by the optimum ANN model versus the experimental 

values on both training and testing sets are shown in Figure 5-3. The regression analysis 

indicates that the optimum ANN model was successful in learning the relationship 
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between the inputs and output. A high correlation coefficient was achieved on both the 

training set (R = 0.969) and the testing set (R = 0.979), as well as a low MSE value (0.072 

for the training set and 0.025 for the testing set). Comparison between the performance 

of the optimum ANN model on the training and testing sets confirmed that it was well-

trained, which means under-fitting and over-fitting were appropriately avoided. 

 

Figure 5-3 Comparison of the predicted and the experimental UCS values: (a) 

training set, (b) testing set. 

5.4 Case study 2: UCS prediction considering the 

characteristics of tailings 

There are several improvements of case study 2 compared with case study 1, including 

(1) the physical and chemical characteristics of tailings were considered as influencing 

variables for UCS, which might improve the generalisation capability of ML models, (2) 

the feasibility of GBRT on the UCS prediction was investigated, and (3) more UCS 

experiments were performed using eight types of tailings to prepare a larger dataset. 
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5.4.1 Laboratory experiments and ML modelling setup 

Eight types of mine tailings (T1-T8) were used for the preparation of CPB specimens. 

Note that the tailings ID number in each section might not be consistent with each other 

since the dataset was collected separately for each case study. The characterisation 

methods of mine tailings have been shown in Section 5.2.1.1, and Figure 5-4 shows PSD 

and XRD results for T1 as an illustration. Table 5-1 summarises physical and chemical 

characteristics of all mine tailings in this case study. 

 

Figure 5-4 Material characteristics of T1: (a) PSD, (b) XRD. 

Table 5-1 Physical and chemical characteristics of tailings. 

Type Gs D50 Cu Cc SiO2 CaO Al2O3 MgO Fe2O3 

T1 2.83 49.00 12.70 1.30 29.11 32.65 0.37 13.02 1.14 

T2 2.91 19.00 6.57 0.91 56.18 2.44 6.53 3.43 10.45 

T3 2.67 195.00 8.57 0.91 70.07 2.07 3.05 0.13 0.49 

T4 2.79 302.00 4.65 0.94 46.85 10.54 14.14 1.00 3.31 

T5 2.17 110.00 8.30 0.90 32.05 7.93 25.04 0.91 3.67 

T6 2.83 192.00 10.54 2.04 45.11 18.89 13.46 0.53 1.42 

T7 2.75 84.00 6.56 0.90 46.64 6.46 20.74 5.44 5.01 

T8 2.61 83.00 27.43 0.87 72.50 0.37 9.56 0.63 3.13 

Note: D50 is in m and chemical composition is in %. 

The fineness of eight types of tailings evaluated in this case study can be classified 

into four categories based on the PSD (Fall et al., 2004), namely coarse (T3, T4, and T6), 
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medium (T5, T7, T8), fine (T1), and ultrafine (T2). Therefore, every fineness category 

was represented by at least one type of tailings to make this case study more 

comprehensive. The difference between tailings can also be seen from their chemical 

compositions, which vary widely in the percentage of each chemical substance. 

Based on experience and trial tests, CTRs were prepared at 1:4, 1:6, 1:8 and 1:10. 

Similar to case study 1, the SC for each type of tailings was slightly different to obtain a 

slurry with a slump value of 170 – 250 mm. The curing time was selected to be 7 and 28 

days. Finally, a total of 585 CPB specimens were successfully prepared for this case study. 

SC values for each type of tailings and the prepared dataset are provided as dataset 3 in 

http://www.chongchongqi.com/index.php/Home/Article/article/aid/269.html. Since 

three UCS tests were conducted for each experimental scenario, there were a total of 195 

instances in the dataset. 

As discussed before, different types of tailings were represented by their physical and 

chemical characteristics (Table 5-1), leading to a total of 12 inputs together with CTR, 

SC, and curing time. Thus, there were 12 inputs and 1 output (the UCS) for each instance 

in the dataset. A statistical description of inputs and output is given in Table 5-2.  

GBRT was used to learn the relationship between UCS and its influencing variables. 

The whole dataset was divided randomly into two parts: the training set (70%) and the 

testing set (30%). 10-fold CV was used as the validation method. The hyper-parameters 

of GBRT were tuned by PSO based on the average MSE value from 10-fold CV. In this 

case study, hyper-parameters selected to be tuned in GBRT are summarised in Table 5-3, 

together with their explanations and tuning ranges. The PSO parameters were the same 

as case study 1. 

  

http://www.chongchongqi.com/index.php/Home/Article/article/aid/269.html
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Table 5-2 Statistical descriptions of inputs and output in the dataset of case study 2. 

Variables Type SDa Maximum Minimum Mean Kurtosis Skewness 

sG  Input 0.19 2.91 2.08 2.73 5.19 -2.20 

50D
 

Input 96.57 302.00 19.41 130.53 -0.94 0.60 

uC
 

Input 7.55 27.43 4.65 11.40 0.53 1.38 

cC
 

Input 0.34 2.04 0.87 1.08 3.14 2.05 

SiO2 Input 15.26 72.50 29.11 51.45 -1.21 0.00 

CaO Input 11.17 32.65 0.37 10.47 -0.20 1.10 

Al2O3 Input 6.96 25.04 0.37 9.56 -0.40 0.53 

MgO Input 4.49 13.02 0.13 3.45 0.55 1.46 

Fe2O3 Input 3.24 10.45 0.49 3.71 0.32 1.26 

CTR Input 0.05 0.25 0.10 1.15 -0.77 -0.80 

SC Input 5.27 80.00 59.00 71.77 0.16 -0.81 

Curing 

time 
Input 10.48 28.00 7.00 16.80 -2.00 0.13 

UCS Output 1.12 6.85 0.04 1.06 7.24 2.37 

                   a Standard deviation 

Table 5-3 Hyper-parameters descriptions and their tuning range. 

Hyper-parameters Explanation Type Tuning range 

Max_depth The maximum depth of the RT Integer 1-20 

Min_instances_ 

split 

The minimum number of instances 

required to split an internal node 

Integer 2-10 

Min_instances_ 

leaf 

The minimum number of instances 

at the leaf node 

Integer 1-10 

Max_RT The maximum number of RT models 

in the AdaBoost.R2 

Integer 1-1000 

Learning rate The learning rate shrinks the 

contribution of each RT model 

Float 0.001-10 

Loss The function used to update the RT 

models’ weights 

Nominal linear, square 

& exponential 
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5.4.2 Results of hyper-parameters tuning 

A total of six BBRT hyper-parameters need to be tuned using PSO. As the loss 

function is a nominal hyper-parameter that determines how the sample weights are 

updated in GBRT, it was tuned separately. In other words, the tuning process was carried 

out for each loss function with five other hyper-parameters being tuned. Figure 5-5 

illustrates the swarm minimum MSE versus iterations for the first twelve iterations as 

there was no further decrease in swarm minimum MSE after the twelfth iteration. 

It can be seen that the swarm minimum MSE was progressively decreased with 

iterations for all loss functions. A 0.013, 0.007, and 0.004 decrease in the swarm 

minimum MSE was achieved by the linear, square, and exponential loss function 

respectively from the first iteration to the twelfth iteration. Most of the decrease was 

achieved in the first three iterations, which accounted for 74.7%, 85.9%, and 74.8% of 

the whole decrease for the linear, square, and exponential loss function. The lowest swarm 

minimum MSE being obtained before the twelfth iteration and a rapid decline being 

achieved in the first three iterations indicate that PSO was efficient in the GBRT hyper-

parameters tuning. 

 

Figure 5-5 Swarm minimum MSE versus iteration. 

The lowest swarm minimum MSE values for linear, square, and exponential loss 

functions were 0.106, 0.111, and 0.109, respectively. The best hyper-parameters for all 

loss functions are summarised in Table 5-4. In this case study, the optimum hyper-
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parameters for GBRT were chosen to be the linear loss function with its corresponding 

best hyper-parameters as it had the global lowest MSE on the training set (as shown in 

Figure 5-5). 

Table 5-4 Best hyper-parameters for all loss functions. 

Loss 
Max_

depth 

Min_instances

_split 

Min_instances

_leaf 

Max

_RT 

Learning

_rate 

Linear 9 4 1 57 0.67 

Square 6 6 3 65 0.11 

Exponential 15 3 1 170 1.23 

5.4.3 Results of GBRT modelling 

The performance of the GBRT model with the optimum hyper-parameters was 

verified on the training set and the testing set using MSE and R. The ratios of experimental 

and predicted UCS values were analysed and external validation was used for further 

verification. The comparison of experimental and predicted UCS values of the GBRT 

model with the optimum hyper-parameters on the training set is shown in Figure 5-6.  

 

Figure 5-6 Performance of the GBRT model with the optimum hyper-parameters on 

the training set: (a) comparison of experimental and predicted UCS, (b) regression. 
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It can be seen that the GBRT model with the optimum hyper-parameters was 

successful in modelling the non-linear relationship between UCS values and influencing 

variables. Figure 5-6a shows that there were eight main parts in it, which corresponded 

to UCS results from eight types of tailings. The UCS response of different types of tailings 

exhibited distinctive patterns. For example, the comparison between T2 and T8 indicates 

the UCS and its changing patterns of different tailings were quite different. Therefore, the 

successful modelling of the UCS of all tailings by the GBRT model indicates that GBRT 

had great potential for the UCS prediction of CPB. The MSE of the GBRT model with 

the optimum hyper-parameters was 0.109 (Figure 5-6b), which was the same as discussed 

in Section 5.4.2. The R between the experimental and predicted UCS values was 0.945, 

denoting that a good positive correlation was achieved on the training set (Smith, 1986). 

The GBRT model with the optimum hyper-parameters was trained using the whole 

training set, and its performance on the testing set is shown in Figure 5-7. It can be seen 

that the optimum GBRT model could be generalised to the testing set with high accuracy. 

The predicted UCS values of most tailings, except T5, matched quite well with the 

experimental UCS values. The poor performance of the optimum GBRT model on T5 

might be due to the insufficient training instances for T5 in the training set (only six 

training instances for T5). This performance can be improved when more UCS tests on 

T5 are performed. The high R achieved by the optimum GBRT model on the testing set 

(Figure 5-7b) denotes that the optimum GBRT model was accurate at predicting the CPB 

strength. 
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Figure 5-7 Performance of the optimum GBRT model on the testing set: (a) 

comparison of experimental and predicted UCS, (b) regression. 

Figure 5-8 visualises the histogram plots of the ratios of experimental to predicted 

UCS values. It can be seen that the mean and median of density curves for both training 

and testing sets were around one, which means the optimum GBRT model had quite good 

performance on training and testing sets. The histogram for the training set was slightly 

right-skewed with the peak ratio occurring at about 0.8, indicating that the optimum BRT 

model tended to predict a slightly bigger UCS values than experimental values on the 

training set. From this point, the performance of the optimum BRT model on the testing 

set was considered better as the ratio was more symmetrically distributed and the peak 

ratio was approximate 1.0. It is worth mentioning that three ratios were bigger than 2 on 

the testing set, which were not shown in Figure 5-8b for clarity purpose. All these three 

ratios were from the T5 tailings, and the reason for these inaccurate predictions have 

already been presented.  
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Figure 5-8 Histogram of the ratios of experimental to predicted UCS values using 

the optimum GBRT model on: (a) training set, (b) testing set. 

Table 5-5 presents the external validation suggested in the literature for performance 

verification (Golbraikh and Tropsha, 2002; Roy and Roy, 2008). It can be seen that the 

optimum GBRT model satisfied all required verifications in the external validation. 

Table 5-5 External validation of the optimum GBRT model. 

Item Formula Conditions Training Testing 
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c  0.999 0.999 

a leave-one-out cross-validated 2R ; b confirm indicator; c squared correlation 

coefficient (through the origin) between the predicted and experimental UCS values. 

5.4.4 Relative importance of influencing variables 

The relative importance was investigated following the same procedure in Section 

4.3.2.3. Figure 5-9 shows partial dependence plots of all evaluated influencing variables 
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of the UCS. It can be seen that there was a near-linear relationship between the UCS and 

the curing time. The finding is quite understandable as the short-term strength of CPB 

will increase with the increasing curing time. Overall positive relationships were also 

observed between CTR/SC with the UCS, indicating the increase of CTR or SC will also 

increase the CPB strength. The overall positive relationship between CPB strength and 

CTR, SC and curing time observed in this case study agrees with findings in Fall and 

Benzaazoua (2005). It is found that the growth of CPB strength seems to be accelerated 

after SC reaches 70%. This finding could be quite significant for the optimisation of CPB 

strength if it can be verified by experimental studies in the future. 

For physical and chemical characteristics of tailings, most of the tailings variables did 

not have a strong influence on the CPB strength. Cu and Al2O3 were found to have a 

relatively strong influence on CPB strength among physical and chemical variables 

respectively. The relationship between each physical and chemical variable with the CPB 

strength has not been studied experimentally in the literature, and the findings in this 

paper have a guiding significance in future experimental studies of CPB strength. 

 

Figure 5-9 Partial dependence plots of the influencing variables in the optimum 

GBRT model for predicting CPB strength. 
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The relative importance score of each influencing variable is shown in Figure 5-10 

with the summation of all importance scores being scaled to one. It can be seen that CTR 

was the most sensitive variable of UCS. The importance score of CTR was 0.302, which 

overweighted scores of SC and curing time and far overweighted scores of physical and 

chemical variables. The particular importance of CTR on CPB strength found in this case 

study agrees with findings from several studies (Fall et al., 2008). It has been 

demonstrated that the UCS of CPB was directly proportional to the amount of cement and 

a 3–6% increase in cement content could result in the CPB material with almost twice 

strength. 

Curing time got an importance score of 0.248, indicating it was also a significant 

influencing variable for CPB strength. It is normally understood that the CPB strength is 

closely correlated to its curing time. The influence of curing time on the strength 

development of CPB has been widely investigated (Benzaazoua et al., 2002; Yilmaz et 

al., 2014) and it is shown that for the short-term strength of CPB, UCS is positively 

correlated to curing time. The importance of curing time has been well explained in the 

study conducted by Yilmaz et al. (2014), in which the UCS of CPB with 28 days of curing 

almost doubled the UCS of CPB with 7 days of curing. 

 

Figure 5-10 Importance score of influencing variables (1: Gs; 2 :D50; 3 : Cu; 4: Cc; 5: 

SiO2; 6: CaO; 7: Al2O3; 8: MgO; 9: Fe2O3; 10: CTR; 11: SC; 12: curing time). 

The physical and chemical variables had importance scores of 0.094 and 0.152, 

leading to the total importance score of 0.246 for the tailings type. The influence of 

physical and chemical characteristics of tailings on the CPB strength has been widely 
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investigated, and all studies consider the physical and chemical characteristics as 

important variables for the strength development of CPB (Fall and Benzaazoua, 2005; 

Fall et al., 2008; Kesimal et al., 2005). It is interesting to note that the importance score 

of each physical and chemical variable was obtained in this study, which might provide 

a more detailed understanding of the strength development of CPB and suggest potential 

experimental studies in the future. For example, Cu was the most important variable 

among physical variables and Al2O3 was the most important variable among chemical 

variables. However, the influence of each physical or chemical variable on the strength 

development of CPB has not been thoroughly studied using laboratory experiments. 

The influence of SC on the UCS of CPB was found to be the smallest among tailings 

type, CTR and curing time. However, the 0.204 importance score indicates that SC still 

had a reasonable influence on the CPB strength. Though SC has been widely studied to 

have an important influence on the strength development of CPB in the literature (Yin et 

al., 2012), it is found that SC had a relatively small influence on CPB strength compared 

with other three influencing variables in this case study. 

In summary, partial dependence plots and the relative importance score of influencing 

variables reveal important discoveries and suggest potential experimental studies 

regarding CPB strength. These findings are quite important in optimising CPB strength 

and understanding its strength development. 

5.5 Case study 3: Prediction of multiple mechanical 

properties 

Case study 3 is intended to compensate the limitations in case studies 1 and 2 in the 

following ways: (1) four mechanical properties of CPB, including UCS, YS, E and UTS, 

were predicted based on a dataset collected from 1,077 UCS tests and 231 UTS tests; (2) 

three advanced ML algorithms were used and compared; (3) the suitability of GA for the 

hyper-parameters tuning of ML algorithms during mechanical properties modelling was 

investigated; and (4) a user-friendly software package was developed that helps store 

experimental data, perform basic pre-processing, and conduct prediction. 
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5.5.1 Laboratory experiments and ML modelling setup 

Another one type of tailings was used in case study 3 compared to case study 2, 

leading to a total of nine types of tailings (T1-T9). The physical and major chemical 

characteristics of tailings were determined, and the experimental scenario for each type 

of tailings was different based on engineering requirement and trial tests. 1,077 CPB 

specimens were prepared for UCS tests, and 231 CPB specimens were prepared for UTS 

tests. D10 was also considered as one physical characteristic of tailings, leading to a total 

of 13 inputs. Four outputs were included in the dataset, including three (UCS, YS, and E) 

being obtained through UCS tests and the remaining one (UTS) being obtained through 

UTS tests.  

It needs to be noted that 180 UCS tests were performed without proper recording of 

YS and E. Therefore, the dataset size for each output was slightly different with 359 

instances for UCS, 299 instances for YS and E, and 77 instances for UTS. A statistical 

description of inputs and outputs is shown in Table 5-6. The physical and chemical 

characteristics of tailings, the experimental scenario and the dataset are presented as 

dataset 4 in http://www.chongchongqi.com/index.php/Home/Article/article/aid/269.html. 

Due to the different dataset size for each mechanical property, the implementation of ML 

modelling for each output was performed separately. 

Normalisation was performed on each dataset, and dataset splitting was conducted 

randomly into the training set (70%) and the testing set (30%). 10-fold CV was selected 

as the validation method. RMSE and R were used as performance measures in this case 

study. RT, GBRT and RF were used and compared for non-linear relationship modelling, 

and GA was used to tune their hyper-parameters. The tuning ranges for RT, GBRT and 

RF is shown in Table 5-7, and their introduction has been provided in Table 5-3. The 

selection of tuning hyper-parameters and their corresponding tuning ranges were based 

on experience, trial tests and suggestions in the literature (Breiman, 2001; Natekin and 

Knoll, 2013). 

  

http://www.chongchongqi.com/index.php/Home/Article/article/aid/269.html


 TOWARDS MACHINE-LEARNING AIDED CPB MIX DESIGN | 5-20 

 

Table 5-6 Statistical descriptions of inputs and output. 

Variable UCS dataset YS and E datasets UTS dataset 

 SD Max Min Mean SD Max Min Mean SD Max Min Mean 

sG
 

0.2 2.9 2.1 2.7 0.2 2.9 2.1 2.7 0.3 2.8 2.1 2.7 

10D
 

0.1 0.2 0.0 0.0 0.1 0.2 0.0 0.1 0.1 0.2 0.0 0.1 

50D
 

0.4 1.4 0.0 0.2 0.4 1.4 0.0 0.3 0.5 1.4 0.0 0.4 

uC
 

7.6 27.4 4.7 11.6 3.0 12.8 4.7 8.5 3.4 12.7 4.7 9.1 

cC
 

0.3 2.0 0.9 1.1 0.3 2.0 0.9 1.1 0.4 2.0 0.9 1.2 

SiO2 15.2 72.5 29.1 50.1 12.5 70.1 29.1 45.6 8.2 46.9 29.1 37.6 

CaO 10.8 32.7 0.4 10.5 10.8 32.7 2.1 12.6 10.5 32.7 7.9 19.4 

Al2O3 7.2 25.0 0.4 10.0 7.8 25.0 0.4 10.1 8.9 25.0 0.4 10.9 

MgO 4.3 13.0 0.1 3.5 4.5 13.0 0.1 4.1 5.9 13.0 0.5 5.3 

Fe2O3 3.2 10.5 0.5 3.8 3.5 10.5 0.5 3.9 1.1 3.7 1.1 2.3 

CTR 0.1 0.3 0.1 0.1 0.1 0.3 0.1 0.1 0.1 0.3 0.1 0.1 

SC 5.4 80.0 59.0 72.0 5.8 80.0 59.0 71.8 3.5 80.0 68.0 74.3 

Curing 14.1 60.0 3.0 16.9 14.5 60.0 3.0 17.8 0.0 28.0 28.0 28.0 

UCS 1.2 7.6 0.0 0.9 / / / / / / / / 

YS / / / / 0.9 6.6 0.0 0.7 / / / / 

E / / / / 73.2 548.0 0.0 66.8 / / / / 

UTS / / / / / / / / 0.2 0.9 0.0 0.2 

 

Table 5-7 Tuning ranges for hyper-parameters of RT, GBRT and RF. 

Hyper-parameters ML algorithms Range 

Max_depth RT, GBRT, RF 1-20 

Min_instances_split RT, GBRT, RF 2-10 

Min_instances_leaf RT, GBRT, RF 1-10 

Max_RT GBRT, RF 1-1000 

Learning rate GBRT 0.01-1 
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The fitness function of GA was chosen to be the mean RMSE from 10-fold CV and it 

was continually minimised during the GA iteration. The average fitness of each 

generation was recorded, together with the minimum fitness and its corresponding hyper-

parameters. The GA parameters used in this study are summarised in Table 5-8 as 

suggested in the literature (Aggarwal et al., 2014; Davis, 1991; Rebouh et al., 2017). 

Table 5-8 GA parameters used for hyper-parameters tuning. 

GA parameter Values 

Fitness function RMSE 

Selection method Tournament (size=3) 

Genetic possibility Crossover (0.8), mutation (0.05) 

Number of chromosomes 100 

Number of generation 20 

5.5.2 Development of software 

Given the above methodology of modelling the mechanical properties of CPB, a cross-

platform software application for this research project was presented. The software in 

question known as the Intelligent Mining for Backfill (IMB) is considered as a key 

component in MLAD_CPB. The IMB is developed based on the Python programming 

language, and its user interfaces are designed using the Qt Designer (Summerfield, 

2007). The aims of the IMB are summarised as follows: 

1. Providing a user-friendly, cross-platform tool for assisting a broader engineering 

application of ML in the mining industry. 

2. Making ML models more robust and improving their generalisation capability 

using enlarged datasets when more users share experimental data during the 

training process. 

3. Working as a prototype for the MLAD_CPB and its function can be expanded, 

such as including real-time monitoring in the future. 

The software data flow is illustrated in Figure 5-11. The IMB software has four 

functions that correspond to four mechanical properties of CPB investigated in this case 

study. For each function, three parts are built in the IMB: data upload system, training 
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and validating system and prediction system. Data upload system is designed for storing 

and uploading experimental data from users. Though this system is optional during the 

utilisation of the IMB, a more accurate and reliable ML model can be achieved when 

the users’ data are added to the basic dataset (the dataset collected from mechanical 

experiments in this thesis). Training and validating system is used to train new ML 

models based on the enlarged dataset from the data upload system. Users can determine 

ML algorithms and their hyper-parameters used in CPB modelling, as well as GA 

parameters if the hyper-parameters tuning is used. The performance of ML algorithms 

on training and validating sets can also be calculated and illustrated in this part of the 

IMB. Prediction system is designed for the estimation of CPB mechanical properties 

based on the influencing variables input from users. A default ML model is built using 

the results from this thesis if no data are uploaded and no ML models are re-trained. 

 

Figure 5-11 Data flow for IMB. 

5.5.3 Results of hyper-parameters tuning 

The implementation of ML modelling was performed separately for each mechanical 

property, and the hyper-parameters of each ML algorithm were tuned four times for each 

dataset (UCS, YS, E, and UTS). The average RMSE of each generation during GA 

iteration was recorded together with the minimum RMSE and its corresponding hyper-

parameters. The average RMSE versus generations during hyper-parameters tuning is 

shown in Figure 5-12. 
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Figure 5-12 Average RMSE versus generation: (a) UCS; (b) YS; (c) E and (d) UTS. 

It can be seen that the average RMSE decreased progressively over generations. 

Generally, GBRT achieved the smallest average RMSE among all three ML algorithms, 

and RT achieved the largest average RMSE. This means GBRT had the best performance 

on the training sets among all three ML algorithms in terms of the average RMSE. In 

addition, the decrease in the average RMSE was mostly achieved before the fifth iteration, 

and there was no distinct decrease after the tenth iteration, indicating GA was efficient in 

the hyper-parameters tuning of ML algorithms for mechanical properties modelling. The 

optimum hyper-parameters for each ML algorithm on each dataset are summarised in 

Table 5-9. 
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Table 5-9 Optimum hyper-parameters and the minimum RMSE values. 

Dataset  Max 

_depth 

Min_sample 

_split 

Min_sample 

_leaf 

Max 

_DT 

Learning 

rate 

 DT 14 2 1 / / 

UCS GBM 3 17 2 790 0.221 

 RF 6 4 1 258 / 

 DT 14 2 1 / / 

YS GBM 3 13 20 508 0.657 

 RF 7 4 1 258 / 

 DT 4 17 7 / / 

E GBM 7 12 16 499 0.034 

 RF 7 2 2 258 / 

 DT 20 3 1 / / 

UTS GBM 15 9 2 738 0.916 

 RF 10 2 2 261 / 

5.5.4 Comparison and verification of ML algorithms 

The performance of ML models with the optimum hyper-parameters on the training 

set is shown in Figure 5-13. It can be seen that GBRT achieved the smallest RMSE and 

largest R values on all datasets, indicating GBRT had the best performance on the training 

set in terms of RMSE and R. The performance of RF was better than that of RT on most 

of the datasets, including UCS, YS and E datasets. In general, ML algorithms had better 

performance on UCS, YS and E datasets. The decrease in predictive performance of ML 

algorithms on the UTS dataset might be caused by the reduced dataset size (only 77 

instances in the UTS dataset). 

The performance of the optimum ML models on the testing set is shown in Figure 

5-14. It can be seen that the best performance among all ML algorithms was achieved by 

GBRT. Generally, the performance of RF was better than that of RT as lower RMSE and 

higher R values were achieved by the optimum RF models. The performance of ML 

algorithms was better on the UCS dataset compared with the remaining three. It needs to 

note that even though an overall higher RMSE was observed on the UTS dataset 
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compared with the YS and E datasets, an overall higher R was observed on the UTS 

dataset. This result might be caused by several existed outliers in the UTS dataset that 

leads to a higher RMSE. 

 

Figure 5-13 Performance of ML models with the optimum hyper-parameters on the 

training set: (a) RMSE and (b) R. 

 

Figure 5-14 Performance of the optimum ML models on the testing set: (a) RMSE 

and (b) R. 

The comparison among ML algorithms indicates that GBRT had the best performance 

on the training and testing sets in terms of RMSE and R. Therefore, the verification of the 

ML modelling was conducted on the optimum GBRT models for all datasets. The 

comparison of actual and predicted mechanical properties is shown in Figure 5-15 

together with the overall R value for each dataset. 
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It can be seen that the optimum GBRT models were successful in modelling the non-

linear relationships between CPB mechanical properties and their influencing variables. 

The R values on the UCS, YS, E, and UTS datasets were 0.963, 0.887, 0.866, and 0.899 

respectively, denoting a good predictive performance (Smith, 1986). In addition, Figure 

5-15 shows that mechanical properties on both the training and testing sets were predicted 

with high accuracy, which means the optimum GBRT models were well-trained. The 

over-fitting and under-fitting were properly avoided using 10-fold CV during the hyper-

parameters tuning. 

 

Figure 5-15 Performance of the optimum GBRT models. 

5.5.5 Application of the IMB software 

To illustrate the potential of the IMB to streamline the data uploading, model training 

and validating, and mechanical property predicting, an experimental implementation was 

conducted. The optimum GBRT model was assigned to be the default ML model in the 

IMB based on the above discussion. Compared with the result from code, the same 

estimation was obtained using the IMB, even when the hyper-parameters of ML models 
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were changed. The training of ML models with enlarged datasets can be achieved using 

the IMB to provide a more reliable estimation. The IMB software has been tested to 

function correctly even with little knowledge about ML, GA and Python programming, 

which will benefit the engineering application of the MLAD_CPB. Figure 5-16 illustrates 

the communication and response processes of the IMB in predicting the UCS of CPB. 

 

Figure 5-16 Communication and response of the IMB for predicting the UCS of 

CPB. 

5.6 Case study 4: Explicit UCS prediction 

Although case studies 1-3 illustrates that ML algorithms can learn the relationship 

from a large amount of experimental data and generalise past experiences to new 

situations with satisfactory performance, none of them put forward an explicit 

formulation. Consequently, these approaches are too sophisticated to be interpreted, 

especially for practitioners with little or no ML knowledge. Software development can 

solve this problem to some extent but is still restricted by its engineering availability due 
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to license restrictions. Therefore, a great need arises for developing forecasting methods 

with both acceptable accuracy and explicit nature to fulfil this requirement. 

The objective of this case study is to apply GP modelling, which is an explicit and 

precise modelling technique, to forecast the UCS of CPB specimens. This case study 

contributed to the state-of-the-art in the following ways: (1) an enlarged dataset was 

collected using 1,545 UCS tests performed on 11 types of tailings; (2) a comprehensive 

sensitivity study was performed for sampling method, training set size and maximum tree 

depth; (3) results of the GP modelling were analysed in detail and compared to the results 

from well-recognised ML techniques; (4) the generalisation capability of the trained GP 

model to entirely-new tailings was investigated. The developed model can serve as a 

reliable tool for quick, inexpensive and effective assessment of UCS in the absence of 

adequate experimental data, and can work as a benchmark study for future application of 

MLAD_CPB. 

5.6.1 Laboratory experiments and ML modelling setup 

Another two types of tailings were collected, and extensive UCS experiments were 

performed on these 11 types of tailings. The distribution of sampling mine sites is shown 

in Figure 5-17. A total of 1,545 CPB specimens were prepared, leading to 515 instances 

in the dataset. The physical and chemical characteristics of tailings, the experimental 

scenario and the whole dataset are presented as dataset 5 in 

http://www.chongchongqi.com/index.php/Home/Article/article/aid/269.html.  

 

Figure 5-17 Distribution of mine sites in China for tailings collection. 

http://www.chongchongqi.com/index.php/Home/Article/article/aid/269.html
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The inputs were the same with case study 3 and the output was the UCS. The statistical 

description of inputs and output is presented in Table 5-10. The prepared dataset 

underwent data normalisation before the dataset splitting. In this case study, the IRS and 

KS sampling methods were compared with a training set size of 70%. All dataset splitting 

using the IRS method was performed ten times to reduce randomness. 

For the GP modelling, the arithmetic, trigonometric, exponential and logarithmic 

functions were included in the function set, and the input variables and constants were 

used in the terminal set. The remaining GP parameters are provided in Table 5-11, which 

were determined by trial tests and recommendations in the literature (Assimi et al., 2017; 

Khandelwal et al., 2017). 

Table 5-10 Statistical descriptions of inputs and output. 

Factors No. Min Max Mean SD Skewness Cv N_mean N_SD 

Gs x1 2.08 3.27 2.84 0.29 -0.66 0.10 0.64 0.24 

D10 x2 0.00 0.25 0.03 0.06 2.75 1.97 0.12 0.26 

D50 x3 0.01 1.44 0.18 0.35 3.11 1.90 0.12 0.25 

Cu x4 4.65 30.74 16.59 10.01 0.29 0.60 0.46 0.38 

Cc x5 0.87 2.04 1.08 0.27 2.04 0.25 0.18 0.23 

SiO2 x6 29.11 72.50 46.07 14.32 0.67 0.31 0.39 0.33 

CaO x7 0.37 32.65 15.09 11.40 0.11 0.76 0.46 0.35 

Al2O3 x8 0.37 25.04 8.32 6.50 1.18 0.78 0.32 0.26 

MgO x9 0.13 13.02 3.44 3.73 1.67 1.09 0.26 0.29 

Fe2O3 x10 0.49 10.67 5.49 3.83 0.29 0.70 0.49 0.38 

CTR x11 0.05 0.33 0.15 0.07 0.90 0.49 0.36 0.26 

SC x12 59.00 81.00 72.96 5.12 -0.91 0.07 0.63 0.23 

T x13 3.00 60.00 17.86 16.14 1.22 0.90 0.26 0.28 

UCS y 0.01 10.94 1.09 1.41 2.95 1.30 0.10 0.13 
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Table 5-11 GP parameters for UCS modelling. 

GP parameters Parameter values 

Initial parameters Population size 500 

Maximum number of generations 1000 

Initialisation method Half 

Fitness function R2 

Selection method Tournament 

Maximum tree depth 5, 10, 15 

Stopping criteria Maximum generation 

Genetic operators Crossover probability 90% 

Mutation probability 15% 

A sensitivity study was conducted to investigate the influence of training set size (40–

80% with a 10% interval) and maximum tree depth (5, 10 and 15) on the performance of 

GP modelling. A detailed performance evaluation was then conducted on one 

representative GP model, followed by a relative importance investigation of the input 

variables. Performance measures were selected to be R2, RMSE, ks, and IA. 

5.6.2 Results of sampling comparison, training set size and maximum tree 

depth 

Figure 5-18 shows the influence of the sampling method on the performance of GP 

modelling. It is found that the KS method had a higher average R2 value (0.96) on the 

training set compared to the IRS method (0.93). However, the average R2 value on the 

testing set obtained by the KS method was much lower than that obtained by the IRS 

method (0.83 compared to 0.91). Such a comparison indicates that the trained GP model 

with the KS method was prone to overfitting compared with the IRS method. This result 

agrees well with findings in Lee et al. (2018) and the reliability of the KS method might 

suffer from different data distribution in the training and testing sets. As indicated in Refs 

(Golbraikh and Tropsha, 2002; Roy and Roy, 2008), a prediction can be considered as 

satisfactory if the R2 value between actual and predicted values is higher than 0.64 (R > 

0.8). Though the GP performance with the KS method was more stable compared to the 

IRS method (the KS method produced a smaller SD), the IRS method was employed in 

the following sections for its high generalisation capability. 
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Figure 5-18 The influence of IRS and KS on GP modelling performance. 

The results of the sensitivity study about the training set size and the maximum tree 

depth are illustrated in Figure 5-19. As shown, there was no evident performance 

improvement on the training set with an increase in the training set size. The average R2 

value on the training set was 0.95, 0.96, 0.96, 0.93 and 0.96, respectively, when the 

training set size was increased from 40% to 80%. However, the performance of GP 

modelling on the testing set was gradually improved and stabilised when the training set 

size was increased from 40% to 60%. Above 60%, there was no clear trend along with 

the increase of training set size. Therefore, 60% was selected to be the training set size. 

 

Figure 5-19 The influence of training set size and maximum tree depth on GP 

modelling performance. 
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The maximum tree depth is one of the most crucial GP parameters that control the 

complexity of each ET. In this case study, 5, 10 and 15 were selected to be the maximum 

tree depth to investigate its influence on the modelling performance. GP models with a 5, 

10 and 15 maximum tree depth were referred to as GP_5, GP_10 and GP_15 in the 

following discussion. An evident performance improvement was observed when the 

maximum tree depth was increased from 5 to 10. To be more specific, the average R2 

value on the training set was increased from 0.86 to 0.96, and the average R2 value on the 

testing set was increased from 0.83 to 0.94. Moreover, SD values on the training and 

testing sets were 0.022 and 0.040, respectively, at maximum tree depth = 5, which were 

decreased to 0.011 and 0.013 at maximum tree depth = 10. The substantial decrease in 

SD indicates that the prediction became more stable when the maximum tree depth was 

increased to 10.  

When the maximum tree depth was further increased from 10 to 15, a subtle increase 

(0.21%) was observed for the average R2 value on the training set. In contrast, the average 

R2 value on the testing set began to decline from 0.94 to 0.92. Further analysis shows that 

SD values decreased on the training set while increased on the testing set, implying the 

GP model was more stable on the training set while less stable on the testing set. Therefore, 

GP modelling became a little bit overfitting when the maximum tree depth reached 15. 

In conclusion, the results from Section 5.6.2 suggest the GP modelling on the UCS 

dataset could achieve better performance with the IRS method, a training set size of 60% 

and a maximum tree depth of 10. 

5.6.3 Performance evaluation of GP modelling 

Having discussed the influence of the sampling method, training set size and 

maximum tree depth on the performance of GP modelling, we now turn our attention to 

the detailed performance evaluation of the developed GP models. To make the analysis 

more straightforward, a GP_5 model with a training set size of 60% was used as an 

example. It should be noted that 10 GP_5 models have been constructed with the IRS 

method to reduce the randomness in Figure 5-19. Here, one representative GP_5 (RGP_5) 

model was selected with a similar performance to the average values from 10 GP_5 

models. The RGP_5 model had a 0.86 R2 value on the training set and a 0.82 R2 value on 

the testing set, compared with the average R2 values of 0.86 and 0.83 on the training and 
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testing set, respectively. The analysis for the other GP_5 models can be as easily 

conducted following the same procedure for the RGP_5. 

Figure 5-20 shows the ET structure of the RGP_5 model. As shown, only arithmetic 

functions (+, -, * and /), input variables and constants were involved in the ET, resulting 

in good interpretability of the solution. The mathematical phrase of the ET structure in 

Figure 5-20 is given as follows: 

 0 12 1 6 2 11 3 13 4 12 5 13 6 4 7 8UCS (( ) (( ) ( )) )=  +      +  +  +   +c x c x c x c x c x c x c x c c  

 (5-1) 

where 0c - 8c were 1.0641, 0.5328, 1.0716, 1.1540, 0.7770, 1.1540, 1.0788, 0.1579 

and 0.0024 respectively. 

Figure 5-21 compares UCS values from experiments and the RGP_5 model. The 

RGP_5 successfully learned the non-linear relationships between the UCS and its 

influencing variables. The predictive performance evaluated using R2, RMSE, ks, and IA 

is also shown. On the training set, the statistical parameters obtained by the RGP_5 were: 

R2 = 0.86, RMSE = 0.04, ks = 1.00, and IA = 0.96. Based on statistical recommendations, 

a good prediction can be evaluated with R2 > 0.64, 0.85 < ks < 1.15, or IA > 0.80 

(Golbraikh and Tropsha, 2002; Roy and Roy, 2008; Willmott, 1981). Thus, the predictive 

performance of the RGP_5 was quite satisfactory on the training set. Similarly, the 

statistical parameters on the testing set were: R2 = 0.83, RMSE = 0.07, ks = 1.15, and IA 

= 0.93, indicating good performance on the testing set. The performance of the RGP_5 

on the training set was superior to that on the testing set, which is straightforward as the 

RGP_5 was built using the training set. 
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Figure 5-20 Expression tree structure of the developed GP model. 

The performance of the RGP_5 model can be further demonstrated by the histogram 

plot of the deviation between the predicted and experimental UCS values (Figure 5-21). 

The peak frequency for both the training set and the testing set was around zero. This 

result indicates that the experimental and predicted UCS values were almost equal for 

most instances in the dataset. Another interesting finding is that the histogram was right-

skewed for both the training and testing sets, implying the RGP_5 model tended to predict 

slightly bigger UCS values, especially on several instances, than experimental values. 

 

Figure 5-21 Comparison of experimental and predicted UCS values: (a) training and 

(b) testing. 
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5.6.4 Relative importance of influencing variables 

In this case study, the relative importance was investigated using the relative variable 

frequency and partial dependence plots from the RGP_5 model. Partial dependence plots 

have been introduced in Section 5.4.4. The relative variable frequency 

calculates/compares the appearance frequency associated with each variable during the 

GP evolution, which can provide us with the information about the relative importance 

of each variable (the more important a variable, the more frequently it may appear in the 

GP evolving generations). 

Figure 5-22 illustrates the relative frequency of input variables during the evolution 

of the RGP_5 model. In the following discussion, input variables not included in Equation 

5-1 were referred to as non-significant input variables (NSIV) while input variables 

included in Equation 5-1, namely x4, x6, and x11 - x13, were referred to as significant input 

variables (SIV). As we can see, there was a quick adjustment for all input variables in the 

first 30 generations, implying the GP modelling could identify the UCS dependence on 

its influencing variables rapidly. For example, the relative frequency of NSIV has been 

decreased to zero or near zero at generation 30. Above results also demonstrate the 

efficiency of GP modelling in investigating the relative importance of input variables. 

The relative frequency was continuously adjusted, even though with small amplitudes, 

between generation 100 to generation 850. During this period, the relative frequency of 

input variables could be ranked in the following order: x11 > x13 > x12 ~ x6 > x4 > NSIV. 

Above generation 850, a relatively large adjustment was observed for x4, x11, and x12 until 

generation 1,000 and the frequency ranking has been adjusted to: x12 ~ x13 > x4 ~ x6 ~ x11 > 

NSIV. 
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Figure 5-22 Relative frequency of input variables with GP evolving generations. 

Figure 5-23 illustrates the partial dependence plots for SIV, which shows that the UCS 

positively correlates with SIV. Furthermore, the UCS growth seems to be accelerated 

with the increasing of x12. This phenomenon is also discovered in case study 2 using 

GBRT modelling, which found that the growth of CPB strength was accelerated after SC 

reached 70%. Based on partial dependence plots, the relative importance could be ranked 

as follows: x11 > x13 > x12 ~ x6 > x4 > NSIV, which agrees well with the relative frequency 

results. 

 

Figure 5-23 Partial dependence plots of SIV from the RGP model. 
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The importance score was calculated based on the relative variable frequency from 

10 GP_5 models. As the optimum GP_5 model was not obtained, at least in most cases, 

at the maximum generation, the relative frequency from all generations was considered. 

Moreover, the GBRT method using the same procedure as provided in case study 2 is 

employed so that the results of this case study could be compared to the conclusions in 

case study 2. In GBRT modelling, the training set size was selected by the IRS method 

with a training set size of 60%. PSO was utilised for hyper-parameters tuning, and R2 was 

used as its fitness function. Table 5-12 details the relative importance score from the GP_5 

and GBM modelling. All relative importance scores have been scaled so that the sum of 

all 13 importance scores are one. 

Table 5-12 Relative importance score and its SD calculated from GP and GBRT 

modelling. 

Variables 
GP GBRT 

Average SD Average SD 

x1 0.005 0.0016 0.009 0.0021 

x2 0.004 0.0003 0.020 0.0078 

x3 0.004 0.0003 0.018 0.0051 

x4 0.030 0.0394 0.016 0.0046 

x5 0.036 0.0409 0.019 0.0038 

x6 0.087 0.0552 0.015 0.0021 

x7 0.012 0.0213 0.013 0.0013 

x8 0.004 0.0000 0.015 0.0023 

x9 0.054 0.0638 0.017 0.0016 

x10 0.005 0.0022 0.018 0.0039 

x11 0.330 0.0419 0.339 0.0147 

x12 0.231 0.0710 0.261 0.0242 

x13 0.200 0.0522 0.241 0.0215 

The GP_5 and GBM both ranked x11, x12, and x13 as the top-three influencing variables 

based on their importance scores (x11 = 0.33, x12 = 0.23 and x13 = 0.20 from the GP_5 

modelling while x11 = 0.34, x12 = 0.26 and x13 = 0.24 from the GBRT modelling). An 

interesting finding is that the GP_5 modelling ranked x6, x9, x5, and x4 as the 4th-7th 

influencing variables with an importance score of 0.087, 0.054, 0.036 and 0.030, 
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respectively, which were much higher than the other influencing variables in x1 - x10. 

However, the importance score of x1 - x10 shows a subtle difference from GBRT 

modelling. A possible reason for this result would be the restricted complexity of GP 

modelling imposed by the maximum tree depth. In such cases, the constructed GP_5 

model cannot take into account all influencing variables, resulting in a bias to several 

influencing variables during evolution. Another interesting finding is that the SD value 

from GBRT was generally smaller than the SD value from GP_5, indicating the 

importance score from GBRT was more stable than from GP_5. This result could also be 

due to the restricted complexity of GP_5 modelling. Therefore, the investigation of 

relative importance score using GP with a small maximum tree depth should be conducted 

several times to get a representative result. 

5.6.5 Discussion 

In this section, two important questions that involved with the GP or ML algorithms 

in the UCS prediction were addressed. The first one is whether the performance of GP 

modelling was comparable to well-recognised ML techniques? The second one, and 

probably the most important one, is that could the trained model be generalised/used to 

entirely-new tailings? In this case study, an entirely-new type of tailings was the one 

without any data instances from this tailings being used during model training. 

To address the first question, the predictive performance of GP modelling was 

compared with that of three ML techniques (RT, GBRT, and RF). The same procedure in 

case study 3 was followed and the same parameter setting was used for ML techniques as 

GP modelling, such as the same training set size. Figure 5-24 shows the comparison of 

the average R2 values on the testing set among GP and ML techniques.  
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Figure 5-24 Performance comparison between GP modelling and ML algorithms. 

The average R2 values of GP_5, GP_10, GP_15, GBM, RF, and DT were 0.83, 0.94, 

0.92, 0.94, 0.92, and 0.86, respectively. This result indicates that the predictive 

performance of GP_5 was relatively poor compared with that of GBRT and RF, but was 

close to that of RT. In contrast, GP_10 and DP_15 were as robust as GBRT and RF. In 

terms of SD, it is found that GP_10 was the most stable model on the testing set with the 

smallest SD value of 0.013. Considering the average R2 values and SD values on the 

testing set, the investigated techniques could be ranked in the following order: GP_10 > 

GBRT > RF > GP_15 > DT > GP_5. Overall, the GP modelling has been verified to be 

comparable, or even better, than well-recognised ML techniques. 

The second question is about the generalisation capability of trained GP or ML models 

to entirely-new tailings. Though UCS prediction has been performed in case studies 1-3, 

no attempts have been made to address this question. Indeed, this question is the key 

concern regarding each prediction model and its potential utility will suffer a lot if this 

question is not adequately addressed. It is believed that this question is not only for CPB 

prediction but for any other predictions that involve different types of materials. For 

example, if a prediction model is aimed to be built for mechanical properties of concrete 

using different binder type, the generalisation of the trained model to the concrete with 

an entirely-new type of binder needs to be verified. Therefore, an essential question for 

such kind of prediction will be: Can the trained model be generalised to situations from 

where no instances have been used during the model training? 
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In the following, we turn our attention to the generalisation capability of the trained 

GP model to an entirely-new type of tailings. To achieve this objective, another 11 

modelling scenarios were performed using the GP_5. In each scenario, one type of tailings 

from T1-T11 was selected, and all its data instances were included in the testing set. The 

data instances in the training set came from all other types of tailings (except for the 

selected one). In other words, the GP model was trained using ten types of tailings and 

tested using the remaining one type of tailings in each scenario. The generalisation 

capability of GBRT to an entirely-new type tailings was also investigated for comparison 

purposes. 

Figure 5-25 shows the average R2 values and SD values from each scenario. It is noted 

here T1-T11 in Figure 5-25 represented the type of tailings that was used in the testing 

set. For example, T1 means all data instances from T1 were included in the testing set, 

and data instances from T2-T11 were included in the training set. It can be seen that the 

trained GP_5 models could be well generalised to most types of tailings (except T2) with 

an average R2 value larger than 0.8. For some tailings, such as T1 and T4, the average R2 

values reached up to 0.96, which were very satisfactory predictions in term of R2 values. 

Similar results were obtained for GBRT modelling, which also showed a good 

generalisation capability to entirely-new tailings. It needs to be noted that the 

generalisation capability of GBRT modelling to T2 was far from satisfactory with an 

average R2 value of 0.59, implying the GP_5 modelling might be more stable during the 

generalisation to entirely-new tailings. 

As a whole, the above discussion shows that the performance of GP modelling was 

similar or even better compared with well-recognised ML techniques on the UCS 

prediction of CPB. The trained GP model could be generalised to entirely-new tailings 

with satisfactory performance.  
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Figure 5-25 Generalisation capability to an entirely-new type of tailings: (a) GP_5 

and (b) GBRT. 

5.7 Case study 5: Constitutive modelling of CPB 

In this case study, a data-mining approach was presented to model the constitutive 

relationship of CPB under the coupled influence of CTR, SC and curing time. The 

proposed approach employed RF to learn the stress-strain relationship and FA to tune the 

hyper-parameters of RF for expert-level performance.  

5.7.1 Laboratory experiments and ML modelling setup 

The tailings used in this study were obtained from the Shijiaying Mine (Beijing, 

China). No. 325 OPC was used as the binder and tap water was used as the mixing water. 

CTR was determined to be 1:4, 1:6 and 1:8 and SC was determined to be 59%, 62%, and 

65%. CTR and SC were selected considering the tailings characteristics, engineering 

requirements and slump tests. CPB specimens were cured for 7 or 28 days before UCS 

tests were conducted. A real-time data acquisition system was used to record the stress-

strain curve during the experiments. 

The collected stress-strain curves (Figure 5-26) underwent data sampling to prepare 

the dataset. Data sampling was performed with a strain interval of 0.05% for CPB 

specimens with 7 days of curing and a strain interval of 0.10% for CPB specimens with 

28 days of curing. The input variables for the RF_FA were selected to be the CTR, SC, 

curing time and strain and the output variable was selected to be the stress. The whole 

dataset contained a total of 1,071 instances, which was divided randomly into the training 
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set (750 instances, approximate 70%) and the testing set (321 instances, approximate 

30%). 

 

Figure 5-26 Stress-strain curves of CPB specimens: (a)–(c) curing time = 7 days and 

CTR = 1:4, 1:6 and 1:8, respectively, (d)–(f) curing time = 28 days and CTR = 1:4, 1:6 

and 1:8, respectively. 

RF was used to learn the non-linear relationship between inputs and output and the 

tuning range of each hyper-parameter was: Max_depth = 1-20, Min_instances_split = 2-

10, Min_instances_leaf = 1-10, and Max_RT = 1-1000. FA was selected to perform the 

hyper-parameters tuning with the mean R value from 5-fold CV being its objective 

function. The generation size of FA and the maximum generation were selected to be 100 

and 30 respectively. The light absorption coefficient and the step size parameter in the 

firefly update formula were 0.001 and 0.15, respectively. 

5.7.2 Results of hyper-parameters tuning 

Figure 5-27 illustrated the evolution of the highest mean R value from 5-fold CV with 

generations. Only the first six generations were shown as there was no increase in the 

highest mean R value after the fifth generation. As shown, the highest mean R value 

increased from 0.9910 at the first generation to 0.9911 at the fifth generation, indicating 

the feasibility and efficiency of FA in optimising the RF hyper-parameters. The optimum 

R value (0.9911) showed that a very good positive correlation was obtained between the 

predicted and experimental stress values on the training set. Though the highest mean R 
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value increased progressively with generations, there was only a 0.01% increase. Such a 

small performance increase indicates the performance of RF was insensitive to its hyper-

parameters, which is in accordance with findings in the literature (Kuhn and Johnson, 

2013; Qi et al., 2018f). The optimum hyper-parameters were obtained after the FA 

iteration, which were detailed as follows: Max_depth = 21, Min_instances_split = 4, 

Min_instances_leaf = 2 and Max_DT = 325. 

 

Figure 5-27 Evolution of the highest mean R value with generation. 

5.7.3 Performance evaluation of RF modelling 

Figure 5-28 shows the performance of the optimum RF model on the training and 

testing sets. High R values were obtained on both the training set (R = 0.991) and the 

testing set (R = 0.989), indicating the optimum RF model was very accurate in modelling 

the stress-strain relationships. Furthermore, the R value on the training set was very close 

to the R value on the testing set (0.991 compared with 0.989). This result means that the 

optimum RF model was well-trained. A slightly lower R value was obtained on the testing 

set, which might be caused by two outliers on the testing set (Figure 5-28b). 

 



 TOWARDS MACHINE-LEARNING AIDED CPB MIX DESIGN | 5-44 

 

 

Figure 5-28 Performance of the optimum RF model: (a) training set, (b) testing set. 

Figure 5-29 illustrates the comparative plots for experimental (solid lines) and 

predicted (data points) stress-strain curves. As shown, there was a good agreement 

between the experimental and predicted stress-strain curves, indicating that the optimum 

RF model could model the constitutive relationship of CPB with high accuracy. Several 

outliers were observed in Figure 5-29a (CTR = 1:4, SC = 59% and curing time = 7 days), 

which corresponded to the outliers in Figure 5-28. Large prediction errors were often 

observed at the end of each stress-strain curve (Figure 5-29), which might be due to the 

lack of training data near the end of the stress-strain curves. It is suggested that full stress-

strain curves are recorded during the UCS tests for a better constitutive modelling of CPB. 
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Figure 5-29 Comparative plots for the experimental and predicted stress-strain 

curves: (a)-(c) curing time = 7 days and CTR = 1:4, 1:6 and 1:8, respectively, (d)-(f) 

curing time=28 days and CTR = 1:4, 1:6 and 1:8, respectively. 

5.8 Summary 

In this chapter, the feasibility of MLAD_CPB on mechanical property prediction and 

constitutive modelling of CPB was illustrated. A total of five case studies were conducted, 

in which four fell within the mechanical property prediction and the other one fell within 

the constitutive modelling. 

In the case of the mechanical property prediction, we started with the UCS prediction 

from tailings type, CTR, SC and curing time. The R between predicted and experimental 
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UCS values was 0.979 on the testing set, indicating that the optimum ANN model was 

very accurate at predicting the UCS of CPB. In the following case studies, significant 

efforts have been devoted to improving the accuracy, generalisation capability and clarity 

of ML models. Towards this end, considering physical and chemical characteristics of 

tailings, increasing dataset size, comparing various ML algorithms, developing use-

friendly software package, and explicit modelling using GP have been attempted. 

Application results show that it is quite promising to employ ML algorithms in 

mechanical property prediction of CPB. 

The constitutive modelling of CPB materials using RF, in contrast to conventional 

modelling approaches, paves a new way in predicting the mechanical behaviour of CPB. 

The results show that, even though the CPB constitutive relationship is nonlinear and 

complex, the optimum RF model achieved R = 0.991 on the training set and R = 0.989 on 

the testing set. It is believed that harnessing such a technique can significantly accelerate 

the CPB design and promote stability analysis in the future. 
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6 TOWARDS MACHINE-LEARNING 

AIDED CPB PIPE TRANSPORT 

Advances in pipe transport have contributed significantly to the application of CPB. 

However, the pressure drop during pipe transport with complex circuit shapes has not 

been thoroughly investigated. Also, research in the field is mainly experiment-centred, 

implying extensive test loop experiments need to be performed for a specific type of 

tailings. In this chapter, a framework was presented for investigating and modelling the 

pressure drop of CPB during pipe transport with complex circuit shapes. The 

experimental results were briefly discussed, and the feasibility of GBRT modelling was 

validated. 

 

6.1 Introduction 

As discussed before, CPB is a mine composite material produced using mine tailings, 

a hydraulic binder, and mixing water. To accelerate the efficiency of mining operations, 

the preparation of CPB is usually conducted at mine surface. Accordingly, the transport 

of fresh CPB from the surface plant to underground voids needs to be properly designed. 

Among all available transport methods, the hydraulic transport of CPB through pipes is 

being increasingly used in the mining industry owing to its year-round availability, low 

technical maintenance, and being environmental-friendly (Kumar et al., 2003; Ravelet et 

al., 2013). Figure 6-1 illustrates the pipe transport of fresh CPB slurry from the surface to 

underground voids. Generally, a cost-effective pipe transport of CPB involves 

determining the appropriate pumping pressure, which is closely related to the pressure 

drop under diverse operational conditions. There is, consequently, a pressing need to 

investigate the pressure drop of fresh CPB during pipe transport. 
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Figure 6-1 Schematic of the CPB pipe transport system. 

The pressure drop during pipe transport can be well studied through test loop systems, 

which have been successfully used in slurry transport investigations (Ravelet et al., 2013; 

Wu et al., 2015b; Wu et al., 2015c). However, test loop experiments for CPB slurry have 

not been extensively conducted owing to the high cost. In recent years, the quick increase 

in demand for raw materials makes it attractive to excavate new mineral resources at 

greater depths. In this case, the pipe circuit would have complex shapes owing to 

geological and geotechnical conditions. Therefore, pressure drops during CPB transport 

in complex pipe circuits, including horizontal pipes, vertical pipes, inclined pipes, and 

elbow pipes, needs to be properly investigated. 

Ideally, a test loop system should be utilised for every CPB material to examine the 

pressure drop of fresh CPB and determine the optimum pumping pressure. However, test 

loop experiments are often costly and cumbersome, slowing down the research and 

application process. Thus, a flow model that can be used to predict the pressure drop has 

always been a popular issue in the pipe transport study. For example, Kumar et al. (2003) 

used an integral flow model to predict the pressure drop of multi-sized solid-liquid flow 

based on analytical evaluation. A numerical investigation was used by Yang et al. (2018a) 

to determine the influence of inlet slurry velocity, volumetric concentration, and pipe 

inclination angle on pressure drops of the slurry. The pressure drop in straight pipes can 

be predicted through curve fitting based on experimental data if the slurry was regarded 

as a Bingham plastic body (Wang, 2009).  
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However, considerable challenges exist in predicting pressure drops of CPB since 

there are several limitations in the above methods, such as back analysis of input 

parameters for numerical modelling and unsatisfactory generalisation capability for curve 

fitting. Moreover, the pressure drop modelling for pipe transport with complex circuit 

shapes, as well as the relative importance of its influencing variables, has not been 

investigated. The solution to these problems is to team researchers and practitioners with 

ML algorithms, which can learn and capture experimental knowledge, enabling the 

pressure drop prediction with less or no test loop experiments. 

In this chapter, a test loop system was used to investigate the pressure drop of CPB 

under the influence of SC, CTR, inlet pressure, and circuit shape. A computational 

framework was then developed in which GBRT was used to learn the relationship 

between the pressure drop and its influencing variables. The relative importance of 

influencing variables was also explored in order to provide suggestions for the 

engineering application of CPB pipe transport. This work paves the way for transporting 

CPB using pipes and signifies a fundamental change in the process of CPB pipe transport 

by teaming researchers and practitioners with GBRT modelling for a reliable prediction 

of pressure drops. 

6.2 Materials and methods 

6.2.1 Materials 

The materials used for preparing CPB slurry included mine tailings, binders (No. 325 

OPC), and tap water. The tailings were provided by Sanshandao Gold Mine (Shandong, 

China), and the physical and chemical characteristics of tailings were analysed in Central 

South University (Hunan, China). Specifically, PSD was measured using a laser 

diffraction particle size analyser (Malvern Mastersizer 2000), and XRD was determined 

using a Bruker AXS D8 Advance diffractometer. Figure 6-2 shows PSD and XRD of the 

Sanshandao gold tailings. As can be observed from PSD, the maximum particle size is 

0.89 mm and the proportion of fine tailings ( 20  um) is 42.94%. Cu and Cc are calculated 

to be 25.47 and 0.508 respectively. XRD results show that the chemical composition of 

the tailings are mainly silica and mica, which are expected to have a relatively little 

influence on the strength and transportability of CPB. 
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Figure 6-2 Material characteristics of tailings: (a) PSD, (b) XRD. 

6.2.2 Test loop experiments 

The test loop system used in this case study is shown in Figure 6-3, which includes 

the following elements: 

1. Mixer to maintain the CPB slurry at homogeneous state. 

2. Pump to circulate the CPB slurry in the test loop system. 

3. Test pipes to flow the CPB slurry. 

4. Pressure sensors to measure the pressure during pipe transport. 

5. Accessories, such as the seamless steel tube, to connect the entire test loop 

system. 

 

Figure 6-3 Sketch of the test loop system. 
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Mixer is of the type of JS2500 (Zhengzhou, China) with a mixing capacity of 2.5 m3. 

Pump is of piston type (HBT90-18-200S) with a maximum outlet pressure of 18 MPa 

and a maximum volumetric flow rate of 90 m3/h. 

Test pipes with an inner diameter of 100 mm and length of 230 m are used in the test 

loop system, which consists of 20 m vertical pipes, 8 m inclined pipes with 30  dip angle, 

180 m horizontal pipes, and 4 m elbow pipes. 

Pressure sensors are of the type of Multi System 5060, which enable real-time 

measurement of the pressure from multiple points. The pressures at different points, Pi (i 

= 1, 2, 3 ... 10) as shown in Figure 6-3, are measured during the experiment. Figure 6-4 

shows some pictures of the abovementioned components of the test loop system. 

In the test loop system, the fresh CPB leaved the mixer at a predetermined inlet 

velocity generated by the pump. Then, it entered the vertical upward pipe (P1–P2 in 

Figure 6-3) and the vertical downward pipe (P3–P4). The CPB entered the inclined 

upward and downward pipes (P5–P6 and P6–P7) and after that, flowed into the elbow 

pipe (P8–P9) and horizontal pipe (P9–P10). Finally, the CPB was recirculated to the 

mixer. 

 

Figure 6-4 Pictures of test loop system elements. 

Owing to the influence of shear thinning of the CPB slurry on its rheological 

behaviour (Ouattara et al., 2017; Wei et al., 2017), the monitored pressure drop data had 

some fluctuations at the beginning of the test loop experiments. Therefore, each test loop 
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experiment was continued for at least 1 h before the pressure drop data were recorded. 

The total pressure drop for each circuit shape (Figure 6-3) was then determined and 

divided by the transport distance to cancel out the influence of transport distance, 

resulting in the unit of pressure drop data being MPa/km. 

The objective of this study is to determine the CPB pressure drop during pipe transport 

under the influence of SC, CTR, inlet pressure, and circuit shape. In order to determine 

the appropriate experimental scenarios, rheological and slump tests were performed as 

suggested in the literature (Chen et al., 2018; Deng et al., 2018b). The rheology of fresh 

CPB was measured using a HAAKE rheometer (Thermo Fisher Scientific, Germany) and 

it is observed that the yield stress of CPB increased with the increasing SC. The yield 

stress values were 52.63 Pa, 98.17 Pa, 178.06 Pa, and 290.42 Pa respectively at 72.0%, 

74.0%, 76.0%, and 78.0% SC. An inflection point existed between 76.0% SC and 78.0% 

SC. Based on the rheological results, engineering judgments, and recommendations in 

Jewell and Fourie (2006), the SC values were chosen to be 72.0%, 74.0%, and 76.0% in 

the test loop experiments. 

A static orthogonal slump test was conducted for 72.0%, 74.0%, and 76.0% SC and 

0.2, 0.1, and 0.067 CTR to measure the consistency of fresh CPB. The results (Table 6-1) 

show that the slump value increased with the decreasing CTR. The slump values for all 

cases have been verified to meet the liquidity requirement during CPB transport (Wu et 

al., 2015a). 

Table 6-1 Results from the orthogonal slump test. 

ID CTR SC (%) Slump value (mm) 

1 72 0.2 260 

2 72 0.1 263 

3 72 0.067 267 

4 74 0.2 242 

5 74 0.1 246 

6 74 0.067 248 

7 76 0.2 232 

8 76 0.1 234 

9 76 0.067 237 
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Finally, the SC was selected to be 72.0%, 74.0%, and 76.0% and the CTR was selected 

to be 0.2, 0.1, and 0.067. For each combination of SC and CTR, three inlet velocity values 

were used, and the pressure drop in different parts of the test loop was recorded. Therefore, 

the pressure drop was influenced by four variables, namely SC, CTR, inlet velocity, and 

circuit shape. 

6.2.3 ML modelling setup 

As discussed before, four influencing variables were considered in this case study, 

namely SC, CTR, inlet velocity, and circuit shape. One-hot encoding was used to deal 

with the nominal value in circuit shape. For each test loop experiment, the pressure drop 

with six circuit shapes was monitored. Therefore, six instances were prepared from each 

test loop experiment after the one-hot encoding, leading to a total of 162 instances in the 

dataset from 27 test loop experiments. 

Table 6-2 presents five instances in the dataset as an illustration. As we can observe, 

there were nine input variables, namely CTR, SC, inlet velocity, and circuit shapes (six 

variables), and one output variable (pressure drop) in each instance. Approximately 80% 

of the entire dataset (128 instances) was included in the training set and the remaining 20% 

(33 instances) was included in the testing set. 

Table 6-2 Illustration of the pressure drop dataset from test loop experiments. 

No. CTR 
SC 

(%) 

Inlet  

velocity (m/s) 

Circuit shape Pressure drop 

(MPa/km) VU VD IU ID HE HS 

1 0.2 71.87 0.87 1 0 0 0 0 0 20.14 

2 0.2 73.49 1.03 1 0 0 0 0 0 22.06 

3 0.1 73.55 0.82 0 1 0 0 0 0 1.40 

4 0.067 71.67 1.02 0 0 1 0 0 0 10.30 

5 0.067 73.36 1.23 1 0 0 0 0 0 21.05 

Note: the abbreviation of circuit shape is VU = vertical upward, VD = vertical 

downward, IU = inclined upward, ID = inclined downward, HE = horizontal elbow, and 

HS = horizontal straight. 

GBRT was employed to learn the relationship between the output variable and the 

input variables from the experimental results. Following the same procedure in Qi et al. 
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(2018e), the hyper-parameters of GBRT were tuned by FA. The loss function, Max_RT, 

Max_depth, Min_instances_split, and Min_instances_leaf (refers to Table 5-3 for 

abbreviation) were determined to be deviant, 49, 1, 4, and 6 respectively for the pressure 

drop modelling. 

6.3 Results and discussion 

The results and discussion started with the test loop experiments, which measured the 

pressure drop under the influence of SC, CTR, inlet pressure, and circuit shape. The 

influence of each variable was discussed and compared with the results in the literature. 

The modelling performance of GBRT was then presented and its verification was carried 

out using performance measures and external validation measures. Finally, the relative 

importance of the influencing variables was investigated and discussed for a better 

understanding of the pressure drop during CPB pipe transport. 

6.3.1 Results of test loop experiments 

Figure 6-5 illustrates the influence of SC, CTR, and inlet velocity on the pressure drop 

during CPB pipe transport. Only the pressure drop in the horizontal straight pipe (P9–P10 

in Figure 6-3) was presented as an example because a similar influence could also be 

observed in other circuit shapes. Note that the actual SC values were shown in Figure 6-5, 

instead of the designed SC values (72.0%, 74.0%, and 76.0%). Moreover, the actual inlet 

velocity was slightly different for each combination of SC and CTR because it was 

calculated using the pump discharge capacity. 
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Figure 6-5 Pressure drop in the horizontal straight pipe. 

For the influence of SC, it is observed that the pressure drop increased with the 

increasing SC for any combination of CTR and inlet velocity. For example, the CPB 

pressure drop for the horizontal straight pipe was 2.31 MPa/km when SC was 71.87% 

(CTR = 0.2 and inlet velocity ≈  0.8 m/s), which was increased to 2.60 MPa/km and 

3.06 MPa/km respectively when SC was increased to 73.49% and 75.56%. This result is 

caused by the decrease in water content with the increase in solids content. The water acts 

as a lubricant, which facilitates the transport of fresh CPB. Furthermore, increasing SC 

produces a fresh CPB with a higher Bingham plastic viscosity (Wu et al., 2015b), which 

leads to more difficulty in transporting the CPB slurry in the test loop system. The present 

results on the positive correlation between the pressure drop and SC are similar to the 

results of the studies by Vlasák et al. (2014), Wu et al. (2015b), and Chung et al. (1998). 

It can also be observed that decreasing CTR decreased the pressure drop. As 

decreasing CTR was equivalent to reducing the cement content, the pressure drop thus 

correlated positively with the cement content. This result is because the cement 

chemically reacts with water to produce hydration products (e.g., C-S-H and CH). During 

the hydration process, tailings particles are bonded to produce larger aggregates, which 

will affect the fluidity and transportability of the fresh CPB. Furthermore, the water 
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content decreases during cement hydration, which could also increase the pressure drop. 

As a result, a decrease in CTR is associated with a decrease in pressure drop, which agrees 

with the findings by Wu et al. (2015c). 

As expected, the pressure drop increased with increasing inlet velocity. Taking the 

pressure drop of the horizontal straight pipe with 0.2 CTR and 75.56% SC as an example, 

the pressure drop was increased from 3.06 MPa/km to 4.32 MPa/km when the inlet 

velocity was increased from 0.764 m/s to 1.381 m/s. This result is because the pressure 

drop is produced mainly by the mechanical friction between the test pipes and the 

transported CPB. The relatively high value of inlet velocity results in a relatively high 

value of slip velocity between particle–particle and particle–pipe, leading to a significant 

increase in interactions and collisions (Vlasák et al., 2014). Therefore, the pressure drop 

increased with increasing inlet velocity, which is the reason why increasing the inlet 

velocity will increase the pressure required for the transport of fresh CPB. The influence 

of inlet velocity found in this study agrees well with the findings from other studies 

(Kesimal et al., 2005; Senapati and Mishra, 2012; Vlasák et al., 2014; Wu et al., 2015b). 

The influence of circuit shape on the pressure drop is illustrated in Figure 6-6 for 0.2 

CTR, 71.87% SC and 0.873 m/s inlet velocity. Note that this experimental scheme was 

shown as an example and similar results could be found in other experimental scenarios. 

As we can observe, the maximum pressure drop occurred in the vertical upward pipe 

(20.14 MPa/km) while the minimum pressure drop was observed in the vertical 

downward pipe (1.38 MPa/km). This result is because the pressure drop for non-

horizontal pipes has two main components, namely the frictional pressure drop and the 

hydrostatic pressure difference (Worster and Denny, 1955). It is the gain/loss of potential 

energy that makes the pressure drop in the vertical upward/downward pipes become the 

maximum/minimum, which is also the reason for the relatively large pressure drop in the 

inclined upward pipe (10.24 MPa/km). As the frictional drop was not separately measured 

during the test loop experiments, a detailed comparison of the frictional pressure drop in 

different circuit shapes was not presented in this study. However, the influence of circuit 

shape on the frictional pressure drop has been experimentally and numerically 

investigated, and this can be found in references (Vlasák et al., 2014; Yang et al., 2018a). 
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Figure 6-6 Influence of circuit shape on the pressure drop during CPB transport. 

Figure 6-6 also shows that the pressure drop in the horizontal elbow pipe was slightly 

larger than that in the horizontal straight pipe (2.25 MPa/km compared with 

2.12 MPa/km). This result is caused by the centrifugal forces generated in the elbow pipes. 

More frictional pressure drop is produced as particle–particle and particle–pipe collisions 

(particularly particle–pipe collisions) increases in the pipe elbows. The influence of pipe 

bends on the velocity loss has been investigated by Gharib et al. (2017), which showed 

that there is a shock velocity loss due to the centrifugal forces at the pipe elbows. 

6.3.2 Results of GBRT modelling 

Figure 6-7 shows a comparison between experimental and predicted pressure drops 

on the training and testing sets. It can be observed from Figure 6-7a that the optimum 

GBRT model was successful in learning the relationship between the pressure drop and 

its influencing variables. The generalisation capability of the optimum GBRT was 

verified in Figure 6-7b as there was a relatively good agreement between experimental 

and predicted pressure drops on the independent testing set. Moreover, the satisfactory 

performance of the optimum GBRT model on both the training and testing sets indicates 

that the optimum GBRT model was well trained. Over-fitting and under-fitting were 

properly avoided during the hyper-parameters tuning using FA. 
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Figure 6-7 Comparison between experimental and predicted pressure drop: (a) 

training set, (b) testing set. 

A performance verification was further conducted using R and external validation 

measures suggested in the literature (Golbraikh and Tropsha, 2002; Roy and Roy, 2008), 

as given in Table 6-3. It can be observed that the optimum GBRT model satisfied all the 

required verification conditions, which further proved the capability of GBRT on the 

pressure drop modelling. 
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Table 6-3 Performance verification of the optimum BRT model. 

Item Formula Conditions Training Testing 
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6.3.3 Relative importance of influencing variables 

Figure 6-8 shows the relative importance of influencing variables of the pressure drop. 

In this case study, the summation of all importance scores was scaled into one to make 

the result more comparable.  

It can be observed that circuit shape was the most sensitive influencing variable for 

the CPB pressure drop and its importance score was 0.398. Note that the pressure drop 

predicted here was the total pressure drop, which included the frictional pressure drop 

and the hydrostatic pressure difference. It is straightforward that this variable scored high 

because distinctive differences were observed in different parts of the test loop system 

(Figure 6-6). The influence of circuit shape on the frictional pressure drop is likely to be 

less significant, which is currently under investigation. The importance scores for CTR, 

SC and inlet velocity were 0.084, 0.383, and 0.124, indicating that the influence of SC 

was considerably more significant than the other two. The relative importance study can 

provide valuable suggestions for the application of pipe transport, and a more accurate 

calculation of importance scores can be obtained when more valid data are available. 
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Figure 6-8 Importance scores of influencing variables of pressure drop: 1. CTR; 2. 

SC; 3. inlet velocity; 4. VU; 5. VD; 6. IU; 7. ID; 8. HE; 9. HS. 

6.3.4 Contribution and limitations 

The primary strength of this case study is experimentally investigating the pressure 

drop with complex circuit shapes and introducing the GBRT algorithm for the pressure 

drop modelling. The GBRT modelling validated the feasibility of MLAD_CPB in the 

CPB pipe transport process. Laboratory data has been analyzed for a better understanding 

of the CPB reticulation system and certain influencing variables have been considered. 

The proposed modelling method is expected to aid pipe transport in a) supporting pipe 

design by estimating the pressure drop of a piping system, especially with complex 

circuits, prior to construction, b) reducing the number of test loop experiments for time 

and cost savings, c) identifying potential pipe blockage, and d) optimizing the inlet 

velocity of fresh CPB to save energy and avoid pipe wearing. 

The uncertainty associated with the separation between the frictional pressure drop 

and the hydrostatic pressure is a clear limitation of the present study. Another limitation 

is that only one type of tailings was studied owing to the high cost of test loop experiments. 

The influence of the chemical and physical characteristics of tailings on the pressure drop 

of CPB can be studied when test loop experiments are performed on several types of 

tailings. A final limitation is that other influencing variables of the CPB pressure drop, 

such as the pipe diameter and the elbow radius, were not investigated. 
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It needs to be noted that other important topics regarding the pipe flow characteristics 

were not considered in this thesis. For example, pumping technology, admixture 

performance, pipe networking, blockages, wears and flushing system are all important 

topics in the pipe transport of CPB. The promotion of MLAD_CPB in above topics will 

be also promising once valuable datasets can be prepared. 

6.4 Summary 

In this chapter, the pressure drop for the CPB pipe transport with complex circuit 

shapes was investigated. GBRT was employed to model the experimental pressure drop 

from its influencing variables to validate the feasibility of MLAD_CPB on the CPB pipe 

transport. The test loop experiments showed that the pressure drop had a positive 

correlation with SC, CTR, and inlet velocity. The pressure drop was also significantly 

influenced by circuit shape and the maximum pressure drop was observed in the vertical 

upward pipes. The GBRT algorithm had great potential for the pressure drop modelling. 

The optimum GBRT model achieved a 0.999 and 0.998 R value between experimental 

and predicted pressure drops on the training set and testing set respectively. The relative 

importance analysis showed that the circuit shape was the most sensitive influencing 

variable for the pressure drop with an importance score of 0.398, followed by SC (0.393), 

inlet velocity (0.124), and CTR (0.084). 
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7 CONCLUDING REMARKS 

This chapter starts with an overview that describes the main idea of this thesis. Then, 

key findings arisen from the example applications are summarized. Research limitations 

are presented, and this chapter finishes with ideas for extending the current work.  

 

7.1 Overview 

CPB has been increasingly employed in the mine site due to its technical, 

environmental and economical benefits. At present, CPB design is experiment-based, 

which requires a large amount of time, raw materials, labour resources and finance. 

Proposing a new design framework for CPB, or at least improving the current CPB design 

process, is a priority for the mining industry. 

ML algorithms and in particular supervised regression in the sense of predicting future 

outcome have become very popular in civil and mining engineering. In this thesis, the 

feasibility of ML algorithms in CPB design was examined by proposing a new design 

framework, the MLAD_CPB. The framework was further demonstrated by investigating 

the capability of ML algorithms for predicting experimental results. With the advances 

presented in this thesis, the concurrent work in the field of ML, and the necessary future 

development (as we will describe in this chapter), CPB design seems likely to mature and 

in turn promote the application of CPB. 

As demonstrative applications, this thesis focused on FS, CPB mix design and CPB 

pipe transport. The first part of each application involved the creation of a dataset from 

laboratory experiments and the determination of influencing variables. The dataset 

underwent pre-processing and splitting before ML algorithms were trained/tested on it. 

The capability of ML algorithms for predicting experimental results was discussed, and 
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the relative importance of influencing variables was investigated. A cross-platform 

software package (the IMB) was created for non-simulation experts based on results from 

CPB mix design, which is continuously updated to cover more processes in CPB design. 

Explicit modelling using GP has also been presented, and constitutive modelling has been 

attempted. 

7.2 Key findings 

The key findings of the demonstrative applications are summarised as follows. 

The hyper-parameters tuning in Chapters 4-6 illustrates that the investigated 

optimisation algorithms, including PSO, GA and FA, were efficient in the hyper-

parameters tuning of ML algorithms. 

In Chapter 4, the optimum GBRT model achieved a 0.841 R value between 

experimental and predicted ISR on the testing set, denoting it had a great potential in 

predicting the ISR from the flocculation experiments. The coarse particles in the FST 

facilitate the flocculation process. Relative importance analysis showed that the ISR had 

an overall positive correlation with the flocculant dosage and an overall negative 

correlation with the SC. The importance score for the PSD of FST, SC, flocculant dosage 

and flocculant type were 0.420, 0.359, 0.194 and 0.027, respectively, from the main study. 

The supplementary study showed that the predictive performance of GBRT could be 

improved with the consideration of the chemical characteristics of FST, which were non-

negligible influencing variables for the flocculation process. 

The mechanical property prediction in Chapter 5 was conducted by four successive 

case studies, which shows that ML algorithms were very robust in such tasks. Increasing 

dataset size and considering the physical and chemical characteristics of tailings could 

improve the predictive performance of ML algorithms. The IMB software had been tested 

to working properly even with little knowledge about ML, GA and Python programming. 

Explicit prediction could be achieved by GP modelling. It is found that the RGP_5 

achieved R2 = 0.83, RMSE = 0.07, ks = 1.15, and IA = 0.93 on the testing set, which 

indicates a quite satisfactory prediction. The GP_5 modelling ranked CTR, SC and curing 

time as the top-three influencing variables with their corresponding importance scores of 

0.33, 0.23 and 0.20 respectively. The predictive performance of GP modelling was 
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comparable to well-recognised ML techniques, and the trained GP/GBRT model could 

be generalised to entirely-new tailings with satisfactory performance. 

The constitutive modelling in Chapter 5 illustrates that the constitutive modelling of 

CPB using ML algorithms was advantageous compared to conventional modelling 

approaches. RF, whose performance was not sensitive to its hyper-parameters, was expert 

in CPB constitutive modelling. The RF model achieved R = 0.991 and R = 0.989 on the 

training set and the testing set, respectively. 

In Chapter 6, the test loop experiments showed that the pressure drop had a positive 

correlation with SC, CTR, and inlet velocity. The pressure drop was also significantly 

influenced by circuit shape, and the maximum pressure drop was observed in the vertical 

upward pipes. The GBRT modelling of pressure drops achieved a 0.999 and 0.998 R 

between experimental and predicted pressure drops on the training set and testing set, 

respectively. Circuit shape was the most sensitive influencing variable for the pressure 

drop with an importance score of 0.398, followed by SC (0.393), inlet velocity (0.124), 

and CTR (0.084). 

7.3 Suggestions for future work 

This work has provided the foundation for the incorporation of ML algorithms in CPB 

design, but is by no means exhausts the possibilities of research in this field. This section 

outlines some extensions of this work that could provide even greater benefits for CPB 

design. 

7.3.1 New datasets 

Obtaining appropriate datasets is a major challenge to research in this area. In the 

example applications of this thesis, the dataset is collected by laboratory experiments 

considering a limited number of influencing variables. Due to the limited finance and the 

availability of raw materials, the current dataset is far from adequate. For example, the 

pressure drop dataset is only obtained from test loop experiments performed on one type 

of tailings, hindering the generalisation capability of ML models to unknown tailings. We 

have demonstrated that ML models can be generalised to entirely-new tailings when the 

dataset is large enough, as shown in Section 5.6.5. Therefore, considerable future work 
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can be done with additional datasets, which inevitably requires more experiments to be 

performed. 

International cooperation is the key to the dataset collection. Based on a large, real-

world international dataset, it is likely that the trained ML models can be generalised to 

worldwide tailings to save time, labour resources and finance. Since the concept of CPB 

was introduced, a large amount of data have been generated in both academia and industry 

without full utilisation. Moreover, these data are often proprietary due to the concern with 

the contract or, possibly, errors contained in the data. An international database project 

has been issued by the author and collaborators (see more details at 

http://www.chongchongqi.com/index.php/Home/Article/article/catid/136.html) to build 

a multi-national, continuously-updated and accessible database to promote the application 

of CPB. 

7.3.2 Continuous interface design 

This thesis has presented the potential of software development to promote the 

implementation of MLAD_CPB in real-world applications. A user-friendly software 

package with an easy-to-use interface that allows for easy manipulation of the dataset and 

clear presentation of results is always desired by mining practitioners with little ML 

background. Though the performance of the IMB package has been validated in this thesis, 

it is only designed for the mechanical property prediction. More efforts could be directed 

to expand the capability of IMB to cover more processes in CPB design, such as FS and 

pipe transport. 

7.3.3 Advanced ML techniques 

The feasibility of ML algorithms has been validated with example applications on FS, 

CPB mix design and CPB pipe transport. However, the field of ML has developed a vast 

set of tools for dataset analysis, of which the ML algorithms tested in this thesis comprise 

only a tiny subset. Because of this, the application of ML algorithms has not reached the 

peak of its potential due to the omission of the state-of-the-art techniques, such as precise 

feature selection and ensemble learning. Better manipulation of incomplete data instances 

is another way to make full use of all experimental data, which requires input missing 

data imputation and semi-supervised learning (Qi et al., 2018g). ML also offers different 

http://www.chongchongqi.com/index.php/Home/Article/article/catid/136.html
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approaches that could be useful to CPB design, including deep learning, transfer learning 

and reinforcement learning. 

7.3.4 Novel application strategies 

As discussed before, the example applications in this thesis mainly focuses on the 

prediction of experimental results using ML algorithms. However, the concept of 

MLAD_CPB goes way beyond experiments prediction, including but being not limited 

to real-time monitoring and optimisation. For example, Sinha and Knight (2004) 

developed an intelligent system for condition monitoring of an underground pipe system, 

which inevitably involves ML algorithms (such as ANN for defect detection). 

MLAD_CPB has plenty of applications, such as mining equipment activity recognition, 

excavation-backfill schedule optimisation, and automatic inspection with drones. 

7.3.5 Integrated CPB design 

Despite advancements in applying ML algorithms on each CPB design process, the 

existing application is performed separately. An optimum CPB design cannot be achieved 

unless all CPB design processes, at least several important ones, are integrated into a 

single design system. This integrated CPB design system is necessary to fully understand 

the complete status of the CPB design. Even though such an integrated system is quite 

elusive at present, MLAD_CPB is the key to make it possible. The non-linear 

relationships modelling directly from constituent materials to the process performance, 

like the mechanical property prediction of CPB from raw materials, is the crucial step in 

the establishment of this integrated CPB design system. 
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