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Abstract

Competitiveness and performance prediction of surface

coal mining

by

Mussa Daniel Budeba

Supervisor : Prof. R.C.W. Webber-Youngman

Co-supervisor : Prof. J.W. Joubert

Department : Mining Engineering

University : University of Pretoria

Degree : Philosophiae Doctor (Mining)

The purpose of this research is to formulate mathematical models for assisting the manage-

ment of either a new or operating surface coal mine to assess its competitiveness relative to

other coal producers for a given market of thermal coal.

As an alternative of efficiency measurement to provide a new way to assess better the

competitiveness of surface mining, Data Envelopment Analysis (DEA) method is proposed.

DEA uses linear programming to determine the relative efficiencies of (competing) mines, each

referred to as a Decision Making Unit (DMU). In this research, the methodology applied

involves three stages: First, applying DEA to formulate the mathematical models basing on

the structure of coal extraction, processing and supply to the markets. Second, evaluate the

models performance and illustrate the use case, and thirdly develop predictive model for the

efficiency and performance of a new mine.

Three DEA models were developed, each representing a specific configuration of extrac-

tion, processing and sale of coal to the markets. The main model, referred to as Combined

System for Local and Export (CSLE), supplied both the local and export markets. Two

special cases, referred to as Local Coal Mine Supply (LCMS) and Export Coal Mine Sup-

ply (ECMS) respectively, looked at the individual markets in isolation.

The results from the numerical illustrations of the application of the DEA models showed

that the models were able to discriminate between the efficient (best practice) and inefficient

mines. This provides a quantitative measure that mining companies can use to benchmark

themselves against other competitors in a multi-dimensional manner. Also, the proposed

Author: Budeba, MD (2016) xv
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method allows for generating realistic, quantitative targets for those DMUs that are consid-

ered inefficient. After formulating the three DEA models, use cases are presented for the

CSLE model to demonstrate the significance of the proposed model for decisions making.

Predictive models for technical efficiency and mine performance developed in this thesis,

target new mining operations wanting to enter the market. A statistical method known as

supervised learning was employed in this case. It was found that the predictor variables in the

model can only explain 54.5% of the variation in technical efficiency. To test the prediction

accuracy, the mining entities were separated into training and test sets. On the test set,

the model predicted efficiency scores within ±20% of the actual (known) values. To improve

the performance of this model, this thesis suggests investigating the influence of qualitative

variables on mining efficiency. Such qualitative variables may include worker morale, work

satisfaction and salary disputes.

Mine planning is non-trivial as it requires various perspectives and involves the interde-

pendence of many variables with different units of measure. This research is significant as

it provides mining management with a sound and rigorous model to handle the multiplexity

of the decision variables. The quantitative approach provides for evidence-based decision

support where large capital amounts are at risk. Mine planning parameters can be evaluated

taking the mine’s particularities into account before proceeding to the production stage. The

DEA approach is useful both for current mining operations to evaluate its competitiveness in

given markets, as well as new mining operations who need to anticipate the type and quantity

of capital to invest given their project characteristics.

Therefore, the mine management can use the models to determine the optimal technical

inputs such as capital, labour and the stripping ratio while considering mine-specific chal-

lenges that influence the competitiveness of the project, such as the location of the mine from

the market and coal seam thickness that can not be controlled.

Keywords: DEA, technical efficiency, coal mine competitiveness, predictive models
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Chapter 1

Introduction

Coal is one of the major sources of energy, contributing approximately 29% of the total

primary energy. This is only after fuel oil, which accounts for 31% (International Energy

Agency 2016). Coal is used to generate 41% of the electricity in the world, and this is

predicted to increase to 46% by 2030 (Schernikau 2010). Meanwhile, the demand for energy

is expected to increase at an average Cumulative Annual Growth Rate (CAGR) of 1.7% per

annum in the period between 1990 and 2030 (Schernikau 2010). This provides incentive to

increase coal production and start new coal mines. However, new mines cannot be started

unless they are profitable.

To start a profitable new coal mine is challenging as it requires that once the mine

begins operation, it produces tonnage for selling in a competitive market with many external

factors that can hamper its profitability. Suppose a group of surface coal mines located

in Queensland, Australia and Mpumalanga, South Africa produce and supply coal to the

international market. A fixed price for coal of a specified energy content is offered. Each mine

has its own production rate based on its coal characteristics, such as the varying thickness in

the ground, the calorific value, which is the amount of energy present when the coal is burnt

for electricity and price of coal offered by the market. The mines apply different technical

variables in producing coal, such as the type and quantity of capital and the stripping ratio,

which is the quantity of overburden to be removed per tonne of coal extracted. Some of these

mines achieve their production target using minimum technical variables 1, while operating

with good safety records and managing the impact of the operations to the environment such

as that of water pollution. These mines are efficient and cost-effective. They considered

competitive and to exhibit best practices.

On the other hand, some mines are inefficient. They use excess inputs to achieve their

production target, and thus they cannot survive as a competitive business. Assume that a

1This refers to the optimum inputs used to produce target coal tonnages. The operation achieve its target

by using less quantity of controllable inputs such as capital spending
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new mine located in South Africa, say Mine A, is about to start production. It will face

the challenge of determining whether it is competitive locally and internationally given its

unique characteristics, such as the thickness of the coal in the ground. If mine production

starts and is inefficient, it will fail to generate a return on investment and will not survive in

the business. It remains challenging for a new mine to predict its competitiveness among the

existing producers or to identify the best practices and position itself competitively.

Examples of critical problems such as cost overruns in both existing and new mines

are known in the mining industry. That is, the actual cost of the project relative to the

estimated costs. For example, a global study conducted by Ernst & Young Global Limited

(2015) found cost overruns on average of 62% in the mining industry. A total of 108 mega

projects at different stages were investigated in October 2014, some at the initial stage of

operation and others at the delivery stage. The study included both coal and metal mines,

such as copper, iron ore, gold, and nickel. Some reasons for these overruns included project

management factors, stakeholder conflicts, resource constraints, and regulatory and policy-

related challenges, together with an unfavourable external environment such as commodity

price movements.

A new mine will not operate in isolation. It has to consider the influence of the other

producers supplying coal to the same market. In addition, management of a mine project

should be conducted properly, from the initial stage of prospecting to production and delivery,

by making decisions regarding the technical inputs needed, such as capital and the number of

employees, to make the mine competitive relative to other producers and to generate returns

for the investments made.

1.1 The process for starting a new mine

Before producing coal and selling it, mines go through a staged process: prospecting, explo-

ration, development, exploitation, and reclamation. These are known as stages in the life of

a mine (Hartman and Mutmansky 2002). The first four stages ensure the delivery of the

product, whereas reclamation ensures proper closure of the mine. The first four stages are

shown in Figure 1.1.
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Figure 1.1: Stages in the life of a mine (Author‘s construction).

Prospecting involves searching for the occurrence of coal. It involves looking for surface-

appearing coal known as outcrops. Samples of coal are taken from the surface and suggestions

for the exploration stage are made. Exploration involves drilling thin deep holes into the coal

in the ground. Drill hole data such as location of holes, Calorific Value (MJ/kg), Ash(%)

and lithology are compiled in order to estimate the tonnage and quality of the coal seam

available on the property. This is also known as resource modelling. After the exploration

stage, feasibility studies are carried out to evaluate whether the project is viable. This stage

includes estimating the resource and its classification, determining the reserve, estimating the

production rate and costs, and conducting environmental studies on the effect of the project

on the environment during and after production.

There are three major stages of feasibility studies. The first stage is a conceptual study,

in which little information is known about the deposit of interest. Cost estimates are initially

carried at an accuracy of ±30% (Hustrulid and Kuchta 2006; McCarthy 2013). For example,

if the actual cost of the project according to the conceptual study is US$50 million, then the

cost estimate may vary between US$35 million and US$65 million. The second stage is a pre-

feasibility study, which involves further data gathering as compared to the conceptual stage.

During this stage, a better understanding of the mine project is obtained, more samples are

collected, and the cost estimates are done at an accuracy of ±20% (Hustrulid and Kuchta

2006). The third stage is a detailed feasibility study, which requires more details about the

project, even more samples of the deposit of interest, mine plans, mine layout, and a process

plan about the project. By this stage, most of the engineering analyses have been completed
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and the accuracy of the project estimates will be approximately ±10% (Hustrulid and Kuchta

2006).

The development stage brings the mine into full production. It includes planning, design,

and construction. During this stage, the feasibility study is reviewed and implemented. For

example, the plan at this stage may change depending on whether new information becomes

available and changes in the economics of the project. Activities at this stage include acquiring

funds for the project, creating access to the coal for extraction, and installing infrastructures

such as washing plants, to name a few.

Exploitation is the actual production, where the coal is extracted and shipped or delivered

to the washing facility for cleaning to sell for export and local power plants. Exploitation is

the production cycle, which includes drilling, blasting, loading, and hauling. During drilling,

holes are created in the ground as designed by the engineer. The holes are charged with

explosives and then blasted to fragment coal. Loading follows blasting, using machines such

as shovels to excavate the fragmented coal, which is then loaded into trucks. The loaded trucks

transport the coal from the pit to either a destination prepared at the mine to stockpile the

coal for local sales or to the washing plant, where the coal is cleaned to remove wastes such as

ash to improve its quality for export. In some other mines blasting such that of overburden is

not done due to the ground being soft such that it does not require blasting, dragline excavate

the overburden and dump in the mine out area and shovel loads coal into trucks hauling to

the specified destination.

Despite the clear process indicated in Figure 1.1, Mohnot et al. (2001) claims that new

mines are faced with the problem of combining technical design and economic parameters to

generate value for their stakeholders. In addition to that, safety and environmental issues

affect the realization of value from new and operating mines. Mines operation practices are

required to minimize fatalities and manage impact to the environments generated by the

effect of mining activities.

1.2 Mining as a turbulent operation

The mining business is a turbulent operation in which some mines are successful in achieving

their production target using minimum technical inputs, whereas others do not perform well.

Most mines face challenges that cause uncertainty in production delivery. These challenges

includes those that mine management can control, called discretionary variables, and those

that it cannot control, known as non-discretionary variables. Both types of variables affect

the mining revenue. They can be summarized as shown in Figure 1.2.
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Figure 1.2: Supply challenges for surface coal mines.

1.2.1 Controllable variables of a new mine

Controllable variables are technical variables that the mine management has control over.

For example, mine management can determine the production rate, the washing rate of coal,

the design of the pit to generate maximum profit, the number of employees needed, and the

amount of capital needed for the initial investment. These can be changed at the discretion of

the mine management, and thus they are also known as discretionary variables. For example,

a mine can increase capital or reduce the number of employees at its discretion.

1.2.2 Non-controllable variables of a new mine

Each coal project has unique characteristics that mine management cannot control, such as

geographical and geological, economic, and legislative variables. These differentiate one mine

project from another, and they are known as non-discretionary variables.

Geographical variables include the location of the mine. Some coal mines are close to their

markets, whereas others are located in regions very far from their markets. For a mine that is

far from a port, the distance for transporting coal affects the tonnage that can be transported,

and the transportation costs for a mine located in a remote area with poor infrastructure are

higher than those for a mine close to its market. Climate is another variable that influences

productivity. Some mines are located in regions with high rainfall, which interferes with

production and requires frequent pumping of water. Geological variables include the calorific

value of the coal and the presence of ash, which requires cleaning the coal to improve the

energy content. In addition, some coal deposits are thicker, which makes coal extraction

easy, whereas others are thinner, which requires special equipment for selectivity (Shafiee
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and Topal 2012; Shafiee et al. 2009; Chan 2008; Haftendorn et al. 2012; Höök et al.

2010).

Economic variables include price, exchange rate, and inflation. These change from time

to time in a given country, and they affect mine projects within the respective country. The

other factor is legislation, which has to do with environmental issues such as management

of dust, water quality and control of carbon emissions from mine operations. For example,

mines are required to pay a carbon tax if they exceed the emission limits established by the

countries having the policy for carbon emission control in which the mines operates (Gordon

1976; Schneid and Torries 1991). This affects the revenue stream of these coal mines.

1.2.3 Measuring the competitiveness of coal mines

Measuring the competitiveness of a new coal mine is a challenge that requires investigation.

The existing method measures the competitiveness of operating mines based on a cost curve.

The cost curve refers to the curve developed by collecting cash costs for each mine involved

in production and plotting those costs against the cumulative production rates. Mines that

are in the lower part of the curve are considered competitive, whereas those in the higher

part of the curve above a given price are operating at a loss. To illustrate the use of the cost

curve, consider Figure 1.3.

Figure 1.3: Example of thermal coal mine cost curve. Adapted from Morgan (2014).

For example, assume that the price of thermal coal is US$75/tonne. All mines with

costs above this price are operating at a loss, whereas those with costs below this price are

generating a profit. Taking the example of SUEK Kuzbass, this company cannot survive in

the business because its cost of approximately US$125/tonne is above US$75/tonne, and thus
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is operating at a loss. On the other hand, Hunter Valley Operations is operating at a cost

of US$75/tonne, which is equal to the market price of coal, and hence it is not generating a

profit; this company will also not survive in the business.

The use of the cost curve for a new or planned mine is for cost-comparison purposes.

It cannot locate the position of a new mine competitively. Mine management must always

compare their projects against those of lower-cost producers, which is often uncertain. It also

does not make the mines efficient because each mine has unique non-controllable variables

that require optimal choice of the controllable variables when commencing a new mine. The

mining industry needs a method that can help new mining companies assess their plan and

make informed decisions about the project before commencing. In addition, the cost curve

cannot clearly indicate whether a mine is using excessive input of its resources to achieve the

same tonnage as other mines of the same scope.

In addition, mine projects still have cost and production issues. For example, Bullock

(2011) highlighted some mine projects with problems. Studies of mines operating between

1965 and 2002 found that the lowest cost overrun was 22%, whereas the highest was 35%.

Another study of 60 projects found that 58% had overruns of between 15% and 100% of

the capital cost. A due-diligence investigation of one mine project showed that the mine’s

operating costs were set 17% too low and not estimated, working capital was underestimated

by at least 75%, and contingency was underestimated by 10%.

Other examples have been identified in reviews of megaprojects. In 2011, it was found

that over a period of two years, approximately 70% of megaprojects, including mines, had

greater than 25% cost competitiveness, apart from cost overruns, schedule overruns, and

operational problems (PwC 2012; Merrow 2011). When the actual outcome of the real

operation was compared to the estimates, among the causes of these deviations was a poor

understanding of the project risks and poor estimation techniques.

Van Aswegen and Koster (2008) also conducted qualitative research into the South African

mining industry. The study involved the use of 144 questionnaires sent to middle and senior

management and the directorate of companies such as Anglo American, Anglo Platinum,

Murray and Roberts, Impala Platinum, and other consulting companies. Of these, 49% re-

sponded, and from the responses it was found that there was a gap between the feasibility

study and the actual outcome during project execution, which was attributed to cost devia-

tions, schedule deviations, a number of project scope changes, and inaccurate prediction of

operational performance.

In addition, cost overruns have been identified in mining for decades when as-built capital

costs are compared to the feasibility study capital cost estimates. For example, a study of

18 mining projects operating from 1965 to 1981 found average cost overruns of 33% when
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compared to the respective feasibility studies. Another study of 60 mining projects operating

from 1980 to 2001 found average cost overruns of 22% and half the projects had overruns of

more than 20%. The reason was established as optimistic and poor cost estimation (Noort

and Adams 2006). Other examples of mining cost overruns are shown in Table 1.1. Ranging

from 10% to 100%, cost overruns affect the expected net value of the project because of the

extra costs incurred.

Table 1.1: Cost overruns (Noort and Adams 2006)

Project Company Feasibility

Actual
forecast
overrun

Ravensthorpe/ YabiluExpansion BHP Billiton A$1.4 billion 30%

Spence (Chile) BHP Billiton US$990 million 10%

Telfer Mine Newcrest A$1.19 billion 17.5%

Stanwell Magnesium AMC A$1.3 billion 30%

Boddington Newmont A$866 million 100%

Goro Project (Indonesia) Inco US$1.45 billion 15%

Prominent Hill Project Oxiana A$350 million 51%

1.3 Research question

There are many surface mines producing thermal coal for sale both locally and internationally.

Each mine produces equal or different quantities of coal as compared to other mines while

using similar inputs that can also be varied. The mines supply coal to the same markets, which

offer the same price for a specific standard energy content in the coal. These mines realize

their level of competitiveness once they are in production. On the other hand, new mines

before starting production cannot predetermine their competitiveness relative to existing

producers. Instead, new mines apply their estimated technical variables to start operating

while being uncertain whether they can achieve best practices and competitiveness. Cost

curves can only tell the relative cash cost of production of an operating mine; however, it

fails to position a new mine competitively or to assess its use of inputs to achieve the target

coal tonnage. There is no method to help mine management apply an end-to-end analysis

to see if the mine supply system is operating according to best practices nor to help them

know how to improve the mine’s processes to make it more competitive. This leads to the

following main research question:

How can a new surface mine producing thermal coal evaluate its competitiveness
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relative to other operating coal mines considering each mine’s specific variables

those that mine management can control and those it cannot, given the market of

thermal coal?

The main research question is divided into the following secondary questions:

• What model representing the structure of the mine coal supply can be used to

measure the relative technical efficiency of a mine considering variables that

mine management can control and those it cannot?

• How can it be determined which are best practice surface mines producing

thermal coal given the unique mine variables?

• What models can be used to predict the technical efficiency and estimate

production for competitiveness of a new mine?

1.4 Research design

The current research is quantitative in nature. It will generate two models, one for measuring

the technical efficiency of a thermal coal mine and the second for predicting the efficiency of a

surface coal mine. The process considered in developing the models is presented in Figure 1.4.

Figure 1.4: Approach for model development.

1.4.1 The model for technical efficiency

The model for technical efficiency will be used to estimate the efficiency of mines supplying

coal for export and to local markets. In this research, the model is denoted as Combined

System for Local and Export (CSLE). The model will be formulated using Data Envelopment

Analysis (DEA), which is a method that uses linear programming to evaluate the relative

Author: Budeba, MD (2016) 9

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

© University of Pretoria 



efficiency of a group of entities considering their inputs and outputs. The reasons for using

DEA for this research are, first, it can be used to assess the overall efficiency of each subsystem,

unlike the parametric method based on regression, which considers inputs and a single output.

Second, it does not require the assumption of a specific production function. Instead, it

measures multiple inputs and outputs of either the whole system or a subsystem, such as

those employed for mines. Third, it can be applied even if there is insufficient data. Fourth,

the mine is involved in evaluating the efficiency of each unit, and hence its influence is

significantly realized.

The CSLE model is composed of interlinked functioning mining operations considered as

subsystems, each of which has inputs and outputs. The subsystems are extraction, washing,

and port. The washing plant is an intermediate subsystem that has two forms of inputs: one

is the output from extraction and the other is the input at the beginning of the washing plant

and generate the output. The port has two forms of input, one at the beginning of the port

and the other is the output from the washing plant. The input and output of each subsystem

are used in the DEA method to formulate the efficiency of the overall mining system and of

each subsystem. Special-case DEA models will be generated from the CSLE model, one for

the supply of coal for export only and the other for the local market only.

Computer code will be developed in R-software to solve the CSLE and special-case models.

The outputs from solving the models will be the overall system and subsystem efficiency scores

for each mine assessed for its coal production to generate revenues.

1.4.2 The predictive models for a new mine

Two models will be formulated using the regression method of supervised learning type. The

technical efficiency predictive model will use the efficiency scores obtained from the CSLE

model, and a relationship will be developed against all the input variables in all mining

subsystems. The predictive model for production will be developed based on the relationship

between all the input variables in mining operation; the production rate will be the dependent

variable.

1.5 Research methodology

The methodology used for this research consists of two parts: modelling and evaluation of

the models.
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1.5.1 Modelling

• Formulating the mathematical equations of the overall efficiency of a mine supply system

using the DEA method considering the flow of inputs and outputs from interlinked

extraction, washing, and port (market) subsystem structures.

• Formulating the predictive models using the number of inputs and the output variables

of the mine supply system, and applying the supervised learning regression method to

formulate the models.

1.5.2 Evaluating the models

• Collecting both controllable and non-controllable variables from the Raw Material

Group (RMG) database and from annual mining reports for coal commodities.

• Creating a correlation matrix of relationships among the variables of the mines collected.

• Using the multivariate simulation technique to generate mines mimicking existing mine

projects by reproducing the correlation matrix of the original data collected.

• Developing code using software developed by R Core Team (2015), applying it to solve

the DEA models using the simulated data, and interpreting the results.

• Using statistical packages for regression-supervised learning in R-software to specify

the parameters of the predictive models using training datasets and evaluating the

performance of the models using the test datasets

1.6 Structure of the thesis

The literature review pertaining to the estimation of the performance and methods of evalu-

ating the technical efficiency of a new surface coal mine is covered in Chapter 2. The chapter

explains the available literature regarding estimation of the production rate and costs of a

new mine project, identifying the shortcomings, discussing the available methods for evalu-

ating the efficiency of the new mine, and justifying the choice of the DEA method for this

research. Chapter 3 examines the source of the data and the method of simulating the data

to generate mining supply systems for use in answering the research questions stated in this

study. Chapter 4 details the formulation of models for measuring the technical efficiency of

surface coal mining supply systems using the DEA method. The chapter concludes with one

main model, referred to as CSLE, and two special-case models. The evaluation of the appli-

cation of the CSLE and two special-case models is detailed in Chapter 5. Chapter 6 discusses

the formulation of the predictive models for the technical efficiency and performance of a
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mine. The chapter illustrates specification of the parameters of the model and evaluates the

capability and performance of the predicative models considering their application to new

mines. Chapter 7 concludes the research work covered from Chapters 1 to 6. It reviews the

research questions and describes the findings with regard to the questions stated. It highlights

the answers to each question by recapitulating the specific chapter answering the question.

Moreover, the chapter discusses the research contribution and limitations of the current re-

search, and it suggests areas requiring further investigation that the candidate believes will

advance the knowledge contributed by this research work. Finally, it gives recommendations

for the study conducted.
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Chapter 2

Performance and efficiency of a new

mine project

Mining operations, like other production industries, measure the achievement of their ob-

jectives for the business by means of performance measurements. Every industry defines

performance based on the nature of its operations and uses some type of metric to measure

these achievements. Examples of metrics used include financial metrics, such as profits, and

sales per tonne produced by the operation. However, Bourne et al. (2007) claim that there

is no universally agreed upon definition of performance. Markovits-Somogyi (2012) defines

performance as a quantifiable, data-like result that can be reached by someone or something

in the course of work or other professional activity in a given time frame. So, quantification

of the achievement of objectives reflects the performance of the business.

In the mining context, Hustrulid and Kuchta (2006) state that performance can be re-

duced to throughput and recovery. Throughput refers to the tonnage of rock containing

minerals that are produced and fed into the plant, whereas recovery is the percentage of the

mineral content in rocks that are extracted as final products. Mining companies include cost

effectiveness as a measure of performance to attain corporate objectives such as profitability.

Different operating mines have variable throughputs, recovery, and costs that depend

on the methods of mining and washing the coal. For a given mining method, the use of

equipment such as trucks and shovels to mine coal and overburden in a specific time helps

determine the mining performance. Likewise, for a new mine, understanding the available

surface mining methods and selecting the appropriate one is essential for ensuring that the

estimated production rate is achieved during operation.
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2.1 Selecting a surface coal mine method for a new project

A new mine requires a method of mining coal given the estimated production rate. There are

three major mechanized surface coal mining methods: Area strip mining, open pit mining,

and contour strip mining (Curley 2011). These methods apply to coal formations (seams)

that are close to the surface, making it profitable to extract them. All three methods involve

the removal of the overburden over the coal seam, followed by extraction of the coal from

the seam. The choice of which method to use in mining the coal depends on the geology,

including the thickness and depth of the overburden, topography, and economics, such as

capital costs, to name a few.

Area strip mining applies where the ground is relatively horizontal, shallow, or with enough

area to create strips. The mine starts by opening a long strip, called a box cut, which is

created by removing waste to expose the coal seam for extraction. Once coal is mined

in the first strip, the next strip is created and the mined-out overburden is dumped

into the first mine cut. The process continues with the removal of overburden ahead

of coal extraction. The major equipment used is a dragline, which removes the waste.

The truck and shovel are used for extracting the coal. Examples of this type of mine

include Arthur Taylor Colliery Opencast Mine (ATCOM) in South Africa. To illustrate

this mining method, Figure 2.1 shows the dragline excavating waste while the shovel

loads coal into the truck.

Figure 2.1: Illustration of area strip coal mine (Wikipedia, the free encyclopedia 2016).

The area strip mining method requires large capital for the purchase of the equipment,
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which includes a dragline costing more than US$100 million. It has a low operating unit

cost as compared to the other methods because it allows for many tonnes of production.

The limitation of area strip mining is the lack of flexibility as the operations increase

in depth (Scott et al. 2010; Westcott 2004; Baafi and Mirabediny 1998; Mitra and

Saydam 2012).

Open pit mining involves extracting coal in a system of single or multiple steps known

as benches. The benches are created in both overburden and coal seams. The typical

appearance of open pit mining is indicated in Figure 2.2. In this method, stripped

overburden is hauled to designated dumps and coal is transported to the plant to be

either stockpiled or tipped directly into a crusher. Coal tonnage hauled from the pit

to the plant is known as Run-of-Mine (ROM). The major pieces of equipment for this

method are trucks and shovels.

Figure 2.2: Illustration of open pit coal mine (wikimapia 2016).

Open pit mining applies to complex coal formations with varying thicknesses and over-

burden. The capital cost is smaller than that of the area strip mining method. An

example of an open cut mine is Mangoola coal mine, which is located in the Wybong

area in Australia (Glencore 2016). It has an annual production of 9.2 Mtpa of thermal

coal suitable for both export and domestic sales.
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Contour strip mining is commonly used for extracting coal seams formed in mountainous

areas. The overburden covering the coal that outcrops (appears) on the side of the hill

is removed and then coal is extracted. The excavated overburden is dumped in the

mined out bench, then mining proceeds inside the hill and stops when the overburden

becomes so large that it is unprofitable to extract the coal. An illustration of this

method is shown in Figure 2.3

Figure 2.3: Illustration of contour mining (Myanmar 2016).

2.2 Estimating performance for a new mine project

The performance of a new mine involves estimating the production rate and costs based on

the available information, such as the size of the deposit. The production rate is the first

parameter to be estimated. It is the basis for the equipment selection and estimation of

capital and operating costs for the mine.

2.2.1 Estimation of production rate for a new mine

There are different approaches for estimating the production rate of a new mine. Taylor in

1977 proposed a method for estimating this rate based on the expected tonnes to be mined.

This is known as Taylor’s Rule and is given in Equation (2.1), which also can be written in

a general form as Equation (2.2) (Long 2009).

Tonnes per day = 0.014× (expected tonnes)0.75 (2.1)

C = bT a (2.2)
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where C is the capacity in metric tons per day, also referred to as the production rate,

a and b are coefficients to be estimated, and T is the reserve tonnage in metric tons.

Long (2009) reviewed Taylor’s Rule and established that different model coefficients could

be obtained. For example, a is less than the 0.75 initially suggested by Taylor. Two crit-

icisms were raised during model evaluation: a) It is not a homogeneous model because it

was developed from mines that were producing different commodities and they were not

deposit-specific; b) the assumption of constant elasticity in the model is not valid because

the relationships between the reserve and capacity are inelastic in nature. Technological

changes at different times were not considered because the deposit might need a certain kind

of technology for it to be extracted, and this could affect estimates of the production rate.

Investigation is thus needed into generating a production rate estimation model that could

be used specifically for coal mines, taking into consideration the unique characteristics of the

particular coal deposit.

A second method for determining the production rate is multiple economic analysis. This

involves a series of production rates. The cost is computed for each production rate, and the

production rate that gives the maximum Net Present Value (NPV) is chosen for application

to the mine project under study. This method requires the use of software to test multiple

scenarios of production rates and to determine the one that generates the maximum NPV

(Leinart and Schumacher 2010). The production rate established using this approach does

not guarantee that the mine will be efficient in practice relative to other producers or make

the mine efficient and cost effective for competitiveness.

2.2.2 Estimation of costs for a new mine

In mining projects, cost estimates are done once the production rate has been estimated.

Estimating costs for a specific coal deposit should reflect its unique characteristics and project

location factors. For example, the geology and other challenges such as infrastructure can

differ from one place to another. These challenges affect the final cost estimates. For example,

a coal seam with a large overburden requires higher capital for stripping as compared to a

coal seam covered by smaller overburden. The variation of the size of overburden for the two

deposits will result in different cost estimates.

Cost estimates for mine projects is done at different stages of a new mine project before

commencing production. The stages involve a sequence of studies named feasibility studies.

In this context, the discussion is limited to estimation of cost in the conceptual study, pre-

feasibility and feasibility study of new mine project. The detail of each stage of cost estimate

requires engineering analysis to be done based on the available information at each stage of

the project.
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The engineering analysis required for cost estimation of new mine project among others

includes: selection of mine method, mine design and production schedules, selection and com-

piling the list of mining equipment, generating engineering drawing showing the mine layouts,

estimate time for the implementation of the project, test work to develop the processing flow

sheet(mineralogical test, metallurgical test), flow sheet design, planning of infrastructure such

as access and service roads to name a few (Runge Pincock Minarco 2015; Darling 2011;

ALLEN 2012).

The level of the engineering analysis for cost estimation in conceptual stage of the project

is very low. Most of the parameters about the project are assumed, for example the resource

is not well defined and production rate is assumed. The results are used for the decision of

advancing or rejecting the project to proceed it to the pre-feasibility study. The pre-feasibility

study has more engineering analysis including estimation of production rate, listing of mining

equipment and preliminary selection of mine method. The cost estimate at this stage has

more engineering inputs compared to the conceptual stage of the project. Feasibility study

cost estimates is more detailed than pre-feasibility study estimates. It has more detailed

engineering analysis such as the optimal mine design and plans are generated, reserve has

been defined clearly, metallurgical testing and design of flow sheets have been performed

among others. This intends for approval or reject of the project for investment (Runge

Pincock Minarco 2015).

There are methods and tools that are frequently applied for cost estimation of new mine

projects at different stages, they can be grouped into statistical methods, on-line tools, com-

parative approaches and itemized methods (Budeba et al. 2015). The first three approaches

are mostly applied in the conceptual stage. The cost estimation in the pre-feasibility and

feasibility studies in most cases uses itemized method that requires engineering analysis of the

project which forms the bases of cost estimation. Frequently, quotes from tenders, equipment

suppliers and other unit costs are used in estimation of the mine costs. The details of each

method are discussed in the following subsections.

2.2.2.1 Statistical method

The methods for estimating capital and operating costs in this category include the O’Hara

model, multiple regression based on principle component analysis, econometric models, and

the use of single-variable regression models compiled in handbooks. Examples of handbooks

that are used in estimating mining costs include Capital Cost (CAPCOSTS) for mining and

mineral processing equipment costs and capital expenditures, Canada Center for Mineral and

Energy Technology (CANMET) for estimation of pre-production and operating costs of small

underground deposits, and the cost estimation handbook for the Australian mining industry
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(Sayadi et al. 2012b).

The O’Hara method involves sets of graphs that plot the cost of production against the

production rate for both mining and milling operations. The models were prepared in the

1980s, and they need to be updated to accommodate the escalation of costs in the estimates.

This can be done using cost indices published by different sources, such as the Marshall Swift

indices. The indices are used to adjust the costs, taking into account the effect of inflation

and the adjustments needed to cover costs such as mining and milling, labour, machinery,

and heavy equipment (Shafiee and Topal 2012). The general formula for updating the costs

is represented by Equation (2.3) (Wellmer et al. 2007).

Costs today = Cost in year x× index today

index in year x
(2.3)

The equations representing all costs using the O’Hara method are presented by Shafiee and

Topal (2012). This can also be written into its components, as shown by Equations (2.4)–

(2.10). Consider the following definitions:

T = tons mined and milled daily

Tw = million tons of overburden rock

Ts = million tons of overburden soil

Td= tons of deposit and waste mined daily

By using the definitions above, the cost for each component of the mine project is as follows:

Capital cost (US$M) = $400000T 0.6 (2.4)

Stripping cost soils (US$M) = $800T 0.5
s (2.5)

Stripping cost rocks (US$M) = $8500T 0.5
w (2.6)

Equipment cost (US$M) = $6000T 0.7
d + $5000T 0.5

d (2.7)

Maintenance cost (US$M) = $150000T 0.3
d (2.8)

Labour cost (US$) = $58.563T−0.5
d + $3.591T−0.3

d (2.9)

Supplies cost (US$) = $13.40T−0.5
d + $1.24T−0.3

d + $0.9T−0.2
d (2.10)

An illustration of the application of the O’Hara model is given in example 2.2.1.

Example 2.2.1 : Consider a new open pit coal mine, together with a washing plant, located

in South Africa, which is planned to produce steam coal at 1.5 Mt/yr. If the mine would start

in January 2016, what would be the estimated capital cost assuming that the mine operates

340 days/year? To compute the estimates of capital cost, Equation 2.4 is used and it gives

the following answer:
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Capital cost(US$M) = 400000× (1500000/340)0.6 = US$61.5 million.

A capital cost of US$61.5 million obtained from the calculation above is the cost for the

project using the models developed in the 1980s. In order to update the cost to January

2016, the cost index for capital in mining, including coal, is applied. Given a cost index

of 73.1 in 1984 and a cost index of 169.1 in January 2016 (US. Bureau of Labor Statistics

2016), the mine capital cost would be US$142.3 million using Equation (2.3), as shown in the

following calculation.

Costs for January 2016 = 61.5× 169.1

73.1
= US$142.3 million.

CAPCOSTS, developed by Mullar and Poullin in 1998, the Cost Estimation System

(CES), prepared by the US Bureau of Mines, and the cost estimation handbook for the

Australian mining industry are among the available handbooks. They are based on single-

variable regression for the estimation of costs. The models were developed using geometric

regression and are presented in a general form as Equation (2.11).

Y = A(X)B (2.11)

where A and B are coefficients, X is an independent variable that can refer to capacity or

size, and Y is the cost.

In some projects, the models have been used for pre-feasibility types of economic evalu-

ation to estimate the costs. Sayadi et al. (2012b) argue that most of these cost estimation

models use single-variable regression to estimate mineral industry costs. The other significant

independent variables affecting cost are simply ignored. For example, when these models are

used for coal mine cost estimation, the depth of waste removal over the coal, the location of

the mine from the market and services, and geologic variations such as thickness are excluded.

However, these variables influence the capital costs of mining (Hartman 1992). Excluding

them will change the final results of the cost estimates. Moreover, Sayadi et al. (2012b) claim

that the models are obsolete by showing examples of those developed in the 1980s and 1990s,

so updating them can cause errors in the cost estimates.

Long (2011), on the other hand, found that in estimating the cost of porphyry deposits,

the only variables that could be used to estimate the capital cost before mining construction

began were the mineral processing rate, the stripping ratio, and the distance from the nearest

railway. In the case of the operating cost, the stripping ratio was the only variable that

affected the cost.

In addition, Long (2011) claims that no model attempted to date has found any significant

explanatory variable other than the stripping ratio, which at best explains only 40% of the

variation in the costs. The variables tested included grade, mineral processing rate, ore
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hardness, and fuel and power costs for porphyry copper mines. In the case of coal mines,

Shafiee et al. (2009) estimated the operating cost in a surface coal mine using capital, thickness

of the deposit, production rate, and stripping ratio.

Multiple linear regression based on analysis of the principal component has been used in

estimating the capital and operating costs for individual equipment, such as back-hoe loaders

and shovels (Sayadi et al. 2012a; Oraee et al. 2011). In this method, costs are estimated

from bucket size, digging depth, dump height, weight, and horsepower. Another form of

multiple regression is the econometric model, proposed by Shafiee and Topal (Shafiee and

Topal 2012; Shafiee et al. 2009). This model involves estimating the operating cost using

capital cost, production rate, stripping ratio, and coal thickness as independent variables.

This model is represented by Equation (2.12) as adapted from the Shafiee and Topal model.

Example 2.2.2 shows the application of the model using one of the datasets adapted from the

table generated by Shafiee and Topal (2012); Shafiee et al. (2009).

E = 8.744955 + 0.041556T + 1.658269S − 0.000459C − 0.041408P (2.12)

where E is the estimated operating cost (cost per tonne), T is the average thickness of the

deposit in metres, S is the stripping ratio, C is the capital cost (million dollars in 2008), and

P is the daily production rate (1000t). The study indicated that the model can estimate

costs to within ±20%.

Example 2.2.2 : Suppose an open pit coal mine is expected to produce 1.8 Mt/yr and has

a coal seam with an average thickness of 12.3 m. The mine’s Stripping Ratio (SR) is 10.2.

What is the operating cost for the mine, given the capital cost of A$60.2 million to be spent

for the project?

Substituting the values of the given information into Equation (2.12) gives the following

result:

E = 8.744955+0.041556×12.3+1.658269×10.2−0.000459×60.88−0.041408×1.8 = A$25.05

An operating cost of A$25.05 is the result calculated using Equation (2.12), which was de-

veloped from data collected in 2009. This cost has to be adjusted using cost indices for the

year in which the cost estimates are required.

Other cost guides for coal mines include the Australian Coal Cost Guide, which is inter-

nally generated by Costmine in Australia, and Coalval, a tool that was developed by the

United States Geological Survey (USGS) for the valuation of coal properties. This does not

consider the characteristics of the coal deposit, such as the geology of the seam, which is one

of the variables that affects mining costs (Chan 2008).
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2.2.2.2 Itemised method

The major concept of the itemised method has been discussed by Darling (2011). It involves

three major steps. First, a conceptual mine plan is developed using the available information,

such as pit outlines, routes, depth of the waste dump, and location of the processing plant.

Second, parameters that are associated with costs are estimated, and third, the known unit

costs of labour, equipment operation, and other facilities are applied to finalize the cost

estimates. The itemised method is a detailed approach that depends on the production rate

and conceptual mine plan. A change in the production rate and/or mine plan can affect the

final cost estimates.

To illustrate an example of the itemised method, Table 2.1 represents the equipment

capital cost estimate as adapted from Leinart and Schumacher (2010). The last column

of the table is the capital cost (US$), which is the product of the units and the cost/unit

columns. The total equipment cost is the sum of all capital costs.

Table 2.1: Equipment capital cost 2009 (Leinart and Schumacher 2010)

Equipment Specification Units Cost/unit Capital cost (US$)

Wheel Loader 800hp,11.5m3 bucket 1 1807100 1 807 100

Front Shovel 1550hp, 17.0m3 1 4396000 4 396 000

Haul trucks 938hp,90tonne,rig frame 15 1128000 1 692 000

Rotary blast hole drill 15.2cm hole,52.7m hole depth approximately 27000kg pull down 3 670000 2 010 000

Road maintainer 4.3 blade,270hp 1 445000 445 000

Dozers 4.5blade,270hp 4 731000 2 924 000

Bulk explosive trucks 459kg/min 1 74800 74 800

Lighting plant 16kw 4 21900 87 600

Fuel/Lube truck 2 55400 110 800

Mechanic’s truck 2 67000 134 000

Tire service truck 1 158000 158 000

Centrifuge pump 65hp,3028lmp, 45m head 1 23670 23 670

Water truck 53000 litre 1 744000 744 000

Pick up trucks 3/ton, four wheel driver 13 23600 306 800

Total Equipment cost 30 141 770

Other components of the total costs such as operating costs are estimated using the same

approach as indicated in Table 2.1. Summing all itemised costs for all components of mining

gives the total mining costs. All costs from different tables recorded using the itemised

method are combined to create a cost model of the mine project.

2.2.2.3 Comparative approach

The comparative approach involves the use of an existing mine with characteristics similar

to those of the mine project under study. Most of the time, mine evaluators use the average

costs of similar mining projects and operations, then adjust by a factor to account for specific
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site conditions, mining methods, commodity prices, and milling processes (Shafiee and Topal

2012). However, there are no clear guidelines on the cost adjustment needed to reflect the

conditions of the mine under evaluation. Hustrulid and Kuchta (2006) refer to this method

as being an analogous method of cost estimation. They suggest that comparing similar

operations should be undertaken with care because accounting practices vary as well.

2.2.2.4 On-line tools

One on-line tool is the Mine and Mill cost calculator and mine costs. This is a database of

mining and milling equipment. It can be used to calculate the cost of equipment to be used in

the operation. Mine Cost is a second on-line tool, which consists of spreadsheets and curves

that show capital and operating costs. On-line tools such as Mine Cost estimate the total

mining cost of a specific mine. It is not clear how the costs are obtained; the tool simply

generates the final total cost estimates (Shafiee and Topal 2012).

2.3 New mine production planning

Once the production rate and costs have been estimated, the optimisation process is con-

ducted to determine the optimal shape of the cut for mining the coal. The major input

variables used in the optimisation process include the estimated capital costs, operating

costs, price, coal quality such as calorific value Calorific Value (CV), and the expected min-

ing production rate, to name a few. The optimal cut consist of the tonnage and quality of coal

that can be extracted to generate the maximum expected NPV. Illustration for optimization

in coal project using Lerchs–Grossmann (LG) algorithm has been discussed in the study by

Prentice (2005) and Stojanovic et al. (2014).

On the other hand, a commonly traditional approach to determine the pit limit that can

be mined at profit is the use of a Break Even Stripping Ratio (BESR). The BESR refers to

ratio at which the unit cost of producing a tonne of coal is equal to the unit of price of a tonne

of coal. To illustrate the concept, consider I to be the revenue per tonne of ore, Ct to be the

production cost per tonne of ore (including all costs to the point of sale, excluding stripping)

and Cs to be the stripping cost per tonne of waste. Then, BESR can be represented by

Equation (2.13) (Oraee et al. 2008).

BESR =
I − Ct

Cs
(2.13)

After optimisation process either by using LG or the use BESR, design of the geometry

of the pit, such as the height of the benches for the open pit method is done. Next is

scheduling, which shows how the coal seam will be mined in the given optimal cut limit
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over a specific period. Following design and scheduling is the extraction of the coal. Some

of the activities continuously repeat over the entire life of the mine, with updates at each

stage if new information becomes available or when opening a new area that requires mining.

Figure 2.4 shows the major repeating activities to ensure continuous delivery of coal for sales.

Figure 2.4: Activities for continuous production cycle.

Despite the effort that goes into the activities shown in Figure 2.4, problems have been

identified for mines failing to achieving their objectives, such as tonnage required, once they

are extracting coal. For example, a survey by Ernst Young (2014a) indicated that productivity

is the first of the ten ranked risks in the mining industry. The traditional approach to

productivity improvement, such as cost cutting, has been challenged. Instead, the report

suggests that changes in mine plans are necessary, and it recommends that productivity

should come from a whole-of-business, end-to-end transformation. For example, the survey

showed that labour productivity dropped by 50% in Australia and 30% in the USA in the

period between 2009 and 2012. One of the reasons established was cost cutting applied as

a single-point solution, which consequently compromised the whole optimisation plan of the

supply chain, hence affecting the productivity.

2.4 Technical efficiency and application in mines

Before discussing technical efficiency for the evaluation of mines, it is important to review

the concept of productivity for entities such as mining operations. Productivity refers to

the quantity of output per unit quantity of inputs used in producing the output. For exam-

ple, labour productivity in surface coal mining can refer to the ratio of the total tonnes of

coal produced to the number of the employees used. If the surface coal mine produces 2.7

Mt/annum of coal using 300 employees working in the mine, then the labour productivity

would be 9000 tonnes/annum/employee.

Productivity can be used by a producer to compare its current use of inputs against the

minimum quantity of inputs it could use to generate the present output, or it can be used

to compare itself with other producers of similar commodities. When a producer is using
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multiple inputs and outputs, productivity can be calculated using aggregated outputs and

inputs (Fried et al. 2008). The comparison of the current use of inputs relative to the

minimum possible use of inputs to produce the present outputs reflects the efficiency of such

a producer.

2.4.1 Concept of technical efficiency

Efficiency has been discussed by several authors. According to Farrell (1957), ‘when one

talks about the efficiency of a firm, one usually means its success in producing as large as

possible an output from a given set of inputs. Provided all inputs and outputs were correctly

measured, this usage would probably be accepted.’ Efficiency has also been described by

other scholars such as Markovits-Somogyi (2012, p.12), who defines it as the capacity of a

company to realize its stated objectives and to use its available resources cost-effectively.

In addition, Joubert (2010) articulates that analysis of efficiency offers guidelines and

benchmarks for both public and private enterprises to achieve maximum outputs with mini-

mum inputs. Determining efficiency helps the enterprise to evaluate its ability to compete in

a group of enterprises doing similar business.

The concept of efficiency can also be illustrated using Figure 2.5. This refers to a firm

that uses two input resources and transforms them into two outputs. Such a firm is referred

to as a Decision Making Unit (DMU). Therefore, the relationship between the outputs of the

DMU to its inputs is used in determining the efficiency of the DMU.

Figure 2.5: Input–output relationships for a DMU (Fried et al. 2008).

It is important for the management of both non-profitable and profitable enterprises to

be able to assess the efficiency of their operations in such a way that they can identify areas

needing improvement if the operations appear inefficient. They can also determine the size

of the operation that will improve efficiency and make it competitive. For example, when

a company operates in a group of firms consuming similar input resources and generating

similar outputs, it would be interesting to know the best practices among all the firms and

to measure their level of competitiveness. This would require determination of the relative

efficiency of each firm involved.

It could be generalized that an operation that allocates and utilises minimum input re-

sources to produce target outputs or maximizes the output using the same quantity of inputs
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is efficient. A surface coal mine is no exception; it needs to be efficient when using inputs such

as capital and labour within the given geological, geographical, environmental, and legisla-

tive constraints to achieve its production outputs. An operating mine has to be efficient to

deliver its targeted outputs in a competitive business environment and to generate a return

on investment to the shareholders.

2.4.2 Methods of measuring technical efficiency

Methods of measuring efficiency can be classified into two main categories: parametric and

non-parametric (Porcelli 2009; Budeba et al. 2014).

The parametric methods includes deterministic and stochastic. Deterministic method

includes: Ordinary least square regression, Corrected Ordinary least Squares (COLS) and

Modified Ordinary least Squares (MOLS). These methods differ on how the inefficiency is

considered, deterministic methods considers the sources of inefficiency is the deviation of the

observed production from the maximum feasible outputs while stochastic method considers

the that the inefficiency is the result of two components that includes deviation of the observed

outputs from the maximum feasible output and the random effects such as weather which can

not be measures. The comprehensive discussion about these methods is found in the work

by Kumbhakar and Lovel (2003). The advantage of the method is the ability to conduct

statistical test for the parameters of the model. The disadvantage of these methods is mis-

specification of the function and problems of estimating the parameters (Murillo-Zamorano

and Vega-Cervera 2001).

The non-parametric methods, on the other hand, do not require the function to be pre-

defined. Instead, the Linear Program (LP) technique is used to construct a piecewise envelope

that represents the efficient DMUs. These methods are used to measure the efficiency of a

firm using data. They can thus be regarded as data-driven. Under these methods, no function

form is assumed; instead, an LP is used to determine the envelope of best practices. The

leading non-parametric method for measuring the efficiency of DMUs with multiple inputs

and outputs is Data Envelopment Analysis (DEA) Despotis et al. (2010); Hollingsworth

(2003); this is deterministic, with the assumption that all inputs or outputs are discretionary.

It was first introduced by Charnes and Cooper in 1978. DEA can be input-oriented or

output-oriented. The input-oriented method aims at minimizing the inputs while satisfying

at least the given output, whereas the output-oriented method aims at maximizing the output

without using more of the inputs (Cooper et al. 2007, p.41).

The basic DEA models are those of Charnes–Cooper–Rhodes (CCR) and Banker–Cooper–

Charnes (BCC). The CCR model assumes that an increase in input results in a proportional

increase in output. Thus, for example, an increase in input by α% will increase the output by
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α% as well. This refers to Constant Return to Scale (CRS), whereas the BCC model assumes

that an increase in input will result in a greater or lesser proportionate increase in output; it

is considered to be variable return to scale, VRS.

The relationship between the CCR and BCC models is that the CCR model can be

decomposed into pure technical efficiency, denoted by BCC, and scale efficiency, denoted

by Scale Efficiency (SE). The pure technical efficiency is referred to simply as technical

efficiency, which measures the ability of management to utilize the input resources of the

DMU in producing the outputs. The scale efficiency measures the ability of management to

choose the optimal size of the DMU. The product of BCC and SE gives CCR (Kumar and

Gulati 2008).

DEA method has the following advantages: it is used to measure efficiency considering

multiple inputs and outputs of a unit under study, it does not require assuming the function

form to use for estimating relative efficiency of each unit, it use inputs and output even if

there differences of unit of measurements Charnes (1994). The main disadvantage of the DEA

methods does not separate the difference between technical inefficiency and statistical noise

effects (Murillo-Zamorano and Vega-Cervera 2001). The method depend on the accurate

measurement of data with no errors. Incorrect conclusion can be reached about the technical

efficiency of a DMU for the observation of the inputs or outputs consisting of measurement

errors.

The parametric and non-parametric methods of efficiency measurements for mine projects

are illustrated using example 2.4.1.

Example 2.4.1 : Suppose a group of surface coal mines named A, B, C, D, E, F, G, H, I,

J, K, and L are producing coal using capital as a major input and generate tonnes of coal

as an output. Each mine’s capital used and coal tonnage produced are shown in Table 2.2.

To illustrate and compare the use of parametric and non-parametric methods for measuring

efficiency, the data provided in Table 2.2 are plotted in Figures 2.6–2.8. Figure 2.6 shows

each mine and its capital and coal production. Figure 2.7 applies the parametric (regression)

method, and Figure 2.8 applies the non-parametric DEA method.

The parametric method requires a regression equation to be specified using data. The equa-

tion is assumed to be an optimal plane that applies to each data, but in reality the equation

represents the average plane Charnes (1994).
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Table 2.2: Input and output of each mine

Mine
Capital
(US$M)

Coal
(Mt/yr)

A 100 4.50

B 190 6.00

C 55 2.00

D 80 3.00

E 90 4.80

F 85 2.80

G 95 4.00

H 35 1.00

I 45 2.40

J 115 5.00

K 50 2.20

L 230 6.00
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Figure 2.6: Single input–output for mines.

When the parametric method is applied, a plane is fitted on the points, as shown in

Figure 2.6, relating each mine’s coal tonnes as a dependent variable and capital as an in-

dependent variable. The resulting plot is indicated in Figure 2.7. In fitting the plane, it is

assumed that the errors are identically and independently normally distributed. The mines
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on the plane represent those operating at an average efficiency, those above the plane repre-

sent mines operating at an efficiency above the average, and those below the plane represent

mines operating at an efficiency below the average.

Therefore, this method does not indicate how relative the mine is efficient because the

residuals are used to compare how inefficient a mine is from the average efficiently operating

mine. The efficiency using this approach does not reflect the correct measure because the

residuals may consist of random noise outside the control of the mine.
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Figure 2.7: Parametric method.

The non-parametric DEA method was also applied to the data given in Table 2.2. The

values of CRS and Variable Return to Scale (VRS) technical efficiency were calculated using

R Core Team (2015), and the results are shown in Table 2.3. The efficiency scores under the

CRS assumption were calculated in the software using the following Equation 2.14:

Efficiency score =
Productivity of a DMU

Maximum productivity
(2.14)

For example, the productivity of mine A is 0.0450 tonnes/yr/U$M and the maximum produc-

tivity of all mines is 0.05333. Therefore, the efficiency score of mine A under CRS is 0.84375.

The values under VRS were calculated in the software using the linear programming formu-

lation of the problem as implemented in (Bogetoft and Otto 2015).
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Table 2.3: Efficiency scores for each mine

Mine
Capital
(US$M)

Coal
(Mt/yr) CRS VRS

A 100 4.50 0.8437 0.8438

B 190 6.00 0.5921 1.0000

C 55 2.00 0.6818 0.7662

D 80 3.00 0.7031 0.7031

E 90 4.80 1.0000 1.0000

F 85 2.80 0.6176 0.6176

G 95 4.00 0.7895 0.7895

H 35 1.00 0.5357 1.0000

I 45 2.40 1.0000 1.0000

J 115 5.00 0.8152 0.9275

K 50 2.20 0.8250 0.8714

L 230 6.00 0.4891 0.8261
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Figure 2.8: Non-parametric method.

From Figure 2.8, mines L, B, E, H, and I under the VRS assumption form the envelope

of best practices. In the case of CRS, the efficient mines are I and E, with efficiency scores of

1. The inefficient mines have efficiency scores less than 1. They are A, C, D, F , G, K and J .

These mines need to improve their efficiency by reducing their inputs to reach the envelope
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of best practices while producing their present coal tonnage.

A comparison of the two methods between Figure 2.7 and Figure 2.8 indicates that the

parametric method represents the average plane, which is assumed to apply to all mines,

whereas the non-parametric DEA shows the envelope representing the efficient mines.

An illustration of using more than one input in mining operations is presented in exam-

ple 2.4.2.

Example 2.4.2 : To illustrate the use of more than one input to generate one output,

consider 12 operating open pit mines, each of which produces 1.5 Mt/yr of coal, using capital

and labour as inputs. The datasets for the inputs and output for each mine are given in

Table 2.4. We can apply DEA to identify the mines that are efficient and those that are not

efficient.

Table 2.4: Mine design scenarios

Mine
Capital
(US$M) Employees

Coal
(Mt/yr) VRS

D1 58 300 1.5 1.0000

D2 124 107 1.5 0.7628

D3 130 75 1.5 1.0000

D4 98 100 1.5 0.9342

D5 144 120 1.5 0.6657

D6 112 98 1.5 0.8424

D7 77 150 1.5 1.0000

D8 106 95 1.5 0.8861

D9 95 80 1.5 1.0000

D10 115 122 1.5 0.7896

D11 200 75 1.5 1.0000

D12 145 180 1.5 0.6042

The data provided in Table 2.4 were used to calculate the efficiency scores of each mine

under VRS using the benchmarking package Bogetoft and Otto (2015) in R software and also

illustration of dea for isoquant (units having same quantity of outputs) by Behr (2016) and

included in Table 2.4. A graphical representation of each mine is shown Figure 2.9.
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Figure 2.9: Two inputs–one output using the DEA method.

From Figure 2.9, the mines that form the envelope of best practices are D1, D7, D9, D3,

and D11. These have efficiency scores of 1. They are using the minimum amount of inputs

to produce the present output of 1.5 Mt/year. It can be noted that D11 is efficient, but

it is using excess capital as compared to D3, which is using less capital to attain the same

production. Reducing its capital to that of mine D3 will still generate the production target.

The other remaining mines are inefficient, i.e., they are using an excess of both capital and

employees to produce the 1.5 Mt/yr of coal. They can only be efficient if they reduce their

capital and labour proportionally to be efficient. For example, D12 will only be efficient if it

reduces its capital and employees to that of D12′ on the envelope.

Representing more than two inputs and outputs on a single graph and showing the effi-

ciency scores of each DMU for the DEA study is a challenge. The only frequent approach

used is to compute the efficiency scores using mathematical models developed for the DEA

method. These models are basic and their results are always recorded in tabular form and

then interpreted. The models are implemented in some software such as R Core Team (2015),

as used for the illustrations in examples 2.4.1 and 2.4.2.
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2.4.3 Mathematical representation of the basic DEA models

To represent the mathematical models for the DEA method, we assume a set of JJJ={1, ..., n}

production or service-providing units and each of them is regarded to be a DMU. Consider

that each j ∈ JJJ uses m different inputs to generate s different outputs. Let us assume

the set of inputs is III={1, ...,m} and the set of outputs is RRR={1, ..., s} and use the following

definitions:

xij
∆
= the given usage of input i ∈ III by DMU j ∈ JJJ .

vi
∆
= the weight of input i ∈ III.

yrj
∆
= the given output r ∈ RRR generated by DMU j ∈ JJJ .

ur
∆
= the weight of output r ∈ RRR.

Then, from the definition of efficiency given by Talluri (2000) in Equation (2.15), the relative

technical efficiency of each DMU can be written in fractional form shown by Equations (2.16)–

(2.18). The DMU under evaluation is referred to as DMUo.

Efficiency =
weighted sum of outputs

weighted sum of inputs
(2.15)

maxho =

∑
r∈RRR

uryro∑
i∈III

vixio
(2.16)

subject to∑
r∈RRR

uryrj∑
i∈III

vixij
≤ 1 ∀j ∈ JJJ (2.17)

vi, ur ≥ 0 ∀i ∈ III, r ∈ RRR (2.18)

The Fractional Program (FP) in Equations (2.16)–(2.18) is non-linear and can be transformed

using the Charnes and Cooper transformation. LP is used in this method to determine the set

of weights that maximise the efficiency of DMUo. To carry out the transformation from Frac-

tional Program (FP) to LP, let t be the transformation parameter given by Equation (2.19).

t =
1∑

i∈III
vixio

∀i ∈ III (2.19)

where
∑
i∈III

vixio is the sum of the weighted inputs of DMUo. When we apply the transfor-

mation t to the FP, the new weight for the output becomes µr = tu and the weight for the
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inputs becomes νi = tv. Therefore, the resulting LP is given by Equations (2.20)–(2.23).

max go =
∑
r∈RRR

µryro (2.20)

subject to

∑
r∈RRR

µryrj −
∑
i∈III

νrxij ≤ 0 ∀j ∈ JJJ (2.21)

∑
i∈III

νixio = 1 (2.22)

νi, µr ≥ 0 ∀i ∈ III, r ∈ RRR (2.23)

In using the equations above, the DMU is regarded as efficient if the efficiency score go = 1

and optimal values of the multipliers (ν∗, µ∗) > 0. Otherwise, if the efficiency score is go < 1,

the DMU is considered inefficient. Charnes (1994) points out that if (u∗, v∗) is optimal for

Equations 2.16–2.18, then for t > 0, the variables (tu∗, tv∗) are also optimal.

The above LP can be written in the form indicated by Equations (2.24)–(2.27). This is

known as dual optimisation of the primal problem, shown in Equations (2.20)–(2.23). The

dual optimisation problem involves fewer of variables to solve and still attains the same

optimal solution as the primal problem.

min θ (2.24)

subject to

θxio −
∑
j∈JJJ

λxij ≥ 0 ∀i ∈ III (2.25)

∑
j∈JJJ

λjyrj ≥ yro ∀r ∈ RRR (2.26)

λj ≥ 0 (2.27)

When considering the existence of excess input or output shortfalls (slack), the CCR model

can be expressed using Equations (2.28)–(2.31), where the excess of inputs is s− and the

output shortfalls are s+.

min

{
θ − ε

(∑
i∈III

s− +
∑
r∈RRR

s+

)}
(2.28)

subject to

θxio =
∑
j∈JJJ

λxij + s− ∀j ∈ JJJ (2.29)

yro =
∑

λyrj − s+ ∀r ∈ RRR (2.30)
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s−, s+, ε, λ ≥ 0 (2.31)

The equation that involves slack can be solved in two stages by first solving θ without slack

and then using the value of θ obtained in the first stage to solve the optimal values of the

slack in the second stage.

In the BCC model, a condition,
∑
j∈JJJ

λj = 1 is added to the constraints, in addition to the

constraints used in the CCR model. These models are basic, and they can be used to develop

more complex models for measuring the efficiency of a supply chain system.

Determining the envelope of best practice firms using the DEA method can be done as

follows:

• Compute the efficiency score of the first DMU by determining the set of weights of both

inputs and outputs that maximize the relative efficiency of such a DMU.

• Repeat the step above for each DMU.

• Select all DMUs with efficiency scores equal to 1. These form the envelope of best

practices, whereas those with efficiency scores less than 1 form a set of inefficient DMUs.

2.4.4 Previous applications of DEA in coal mine projects

A survey of the application of DEA in the mining industry was done to identify how the

DEA method has been used in coal mining operations. Three major areas of the mining

business were identified from the previous work of other scholars. These include coal mine

production, evaluating the safety aspects of coal mines, and measuring the performance of

coal enterprises. In most of the studies reviewed, the DEA method was used as a black box

because the inputs and outputs were generalized as a whole without detailing the components

of the mine as a system. Most of the previous studies concentrated on one area of the mine

independently.

However, Cook et al. (2010) proposed a generic multistage DEA for general consideration

of intermediate measures for many industries. These authors gave an example of the use of

a multistage DEA. ROM would be considered as an output from the first stage, where the

efficiency of the coal mining process would be measured. The second stage would involve

washing the coal, and then the washed coal would be delivered to the market. But these

authors did not formulate models specific to the operation structures of coal mines, nor did

they take into account the influence of non-discretionary variables that have an impact on op-

erations. The formulation of a DEA model that would consider the market structures of coal

and account for the non-discretionary variables could help a mine evaluate its competitiveness

given the unique characteristics of the mine, such as the climate in which it operates.
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Reddy et al. (2013) and Kulshreshtha and Parikh (2002) discussed the efficiency measure-

ment in coal mine production. Kulshreshtha and Parikh (2002) described the efficiency of

both open-cast and underground coal mining firms in India covering a period between 1985

and 1997. The inputs and outputs were as follows:

• The inputs for open-cast mining were mining machinery, cranes, and dumpers man-

shifts and the output was the overburden removal.

• The inputs for underground mining included mining machinery and rope haulage man-

shifts and the output was the tonnage of coal.

The authors found that between 1985 and 1997, open-cast mining did not show more

productivity growth than the underground mining as previously believed. Also, the under-

ground mining was shown to have more efficiency practices, whereas open-cast mining showed

more technical changes over the study period. The authors applied a Malmquist index by

decomposing productivity changes into efficiency and technical changes. Reddy et al. (2013),

on the other hand, discussed benchmarking of open-cast coal mines in India. The aim was to

rank the mines according to their efficiency and determine the improvements required for the

inefficient mines. The inputs for the study were wage costs, store costs, overburden removal

costs, and other costs, whereas the output was saleable coal. In addition, the two studies

applied the basic DEA model, but they had different inputs.

Another area of study has been safety evaluation in coal mines. The application of DEA

for safety is discussed by Lei and Ding (2008), who assessed the safety inputs for a coal mine

in China covering a period between 2001 and 2005. The intention was to assess how safety

inputs are used and to optimize the resource allocation. The assessment was done using

a CCR output-oriented model of the operating mines, considering the inputs as outlays for

safety: funds, staff, and time. These inputs included personal protective equipment, training,

and management costs. The authors developed seven indices that were related per man in

the mine, which were used as inputs. The output index used for illustration was the ratio

of reducing accidents in a given year as compared to the previous year. On the other hand,

Shu-Ming (2011) used different inputs and output, but all of them were generated from the

costs allocated for safety at the mine. This study covered the period between 1996 and 2005.

Fang et al. (2009) described the application of DEA for measuring the performance of coal

enterprises in the energy sector. The study compared 8 listed coal mining companies in the

US and 17 listed Chinese coal mining companies using CCR and BCC. The authors found

that despite China being a large producer of coal, the Chinese coal companies had much lower

technical efficiency as compared to their American counterparts. To point out one cause of

inefficiency among others, as discussed by Fang et al. (2009), most of the Chinese companies
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were state-owned coal mining firms, with a large number of redundant employees. The

author used the following inputs for comparison: operating costs, total assets, and numbers

of employees; the output variables consisted of earnings per share, operating revenue, and

net profit before taxes.

2.5 Conclusion

This chapter reviewed methods of estimating the production rate and costs of a new mine.

It then discussed methods for measuring the technical efficiency of a new mine. The find-

ings indicated that estimating the production rate and costs requires determination of the

efficiency of the mine before starting to operate. This will minimize the risk of failing once

the new mine starts operation. The new mine will face challenges and competitiveness from

other producers of the same commodity. Its survival will depend on being efficient in regard

to best practices; otherwise, it will fail and incur financial losses owing to overuse of inputs

such as capital.

The concept of lowest-cost producer, on the other hand, does not necessarily ensure

efficiency of a mine operation. The need for end-to-end evaluation of the mine efficiency was

identified. This will help the new mine to iteratively optimise its technical inputs to achieve

best practices.

A method based on DEA was reviewed and proposed for measuring the technical efficiency

of existing and new mines (Budeba et al. 2015, 2014). The reasons for its choice over other

methods were that the method allows evaluation of the efficiency of mines by considering

multiple inputs and multiple outputs, it does not assume mathematical functions, and it can

model efficiency for each subsystem of given system of the mine producing and supplying

coal to the market.

The DEA method has been applied in surface coal mines studies, but much of the work

has been based on general inputs and outputs, which make it something of a black box.

Some of the applications from previous research include evaluating mine production using

inputs such as machinery to produce the output tonnage. Most studies have not detailed

an end-to-end investigation of coal mining production as an efficient system considering its

subsystems. In addition, the influence of non-controllable variables requires investigation.

It can be concluded that the variables that were used in previous DEA studies for surface

coal mines and those influencing the efficiency of mine competitiveness identified in Chapter 1

will be used in model formulation in Chapter 4 and data compilation and simulation of the

mining supply systems used in this study in Chapter 3.
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Chapter 3

Source of data and simulation

The use of the Data Envelopment Analysis (DEA) method requires data for evaluation pur-

poses. For this research, data were subscribed from the Raw Material Group (RMG) database

for coal commodity. RMG is database that collects data from most metal and energy mining

companies in the world. It is a reliable database enough for this study.

To extract the data from RMG for this study, a list of the variables that influences the

efficiency and performance of surface coal mining was compiled by the author from different

sources including literature study of the published articles showing the variables influencing

the coal mine production (Shafiee and Topal 2012; Shafiee et al. 2009; Chan 2008; Haften-

dorn et al. 2012; Höök et al. 2010). Others include: technical reports (International Energy

Agency 2011), mining annual reports, feasibility studies reports for coal mine projects and

governments and analyst reports (CPA Australia 2011). The compiled list includes those

variables that influence the efficiency of extraction, washing and sales of coal to the port.

In this research, a total of 16 coal mines consisting of those producing and supplying

coal to both export and local markets, export only, and local markets only were extracted

from the RMG database. Some mines were found to have most of the required variables,

although there were a few missing values, which were supplemented from mining reports,

company websites, and government reports. The extracted data were given DMU numbers

in consideration of the sensitivity of some of the information to the mining industry.

The number of mines extracted from the RMG database was insufficient for use in the

DEA method for this research because the number of variables of the extracted mines was

larger than the number of mines themselves. This caused poor discrimination among the

mines when evaluating them using the DEA method. The results of a study using fewer

Decision Making Units (DMUs) than the number of variables would show all the DMUs to

be efficient.

In this research, for example, there were 7 mines producing and supplying coal to both
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export and local markets, where the number of variables for each of the DMUs were 10

inputs and 2 outputs. This limited the use of the DEA method for the current research, and

hence there was a need to increase the number of DMUs for this study to attain a number of

samples larger than the minimum required for the study. This was achieved with the use of

a simulation that generated data that maintained the characteristics of the collected samples

such as correlation among the variables of the samples. The simulated data representing

real-world mines was used for the DEA method for this research.

To determine the minimum number of DMUs required for the DEA study, Cooper et al.

(2007) explain one of the rules of thumb for determining the minimum number of DMUs

in relation to the number of inputs and outputs needed for the DEA study: for a given n

number of DMUs, m number of inputs, and s number of outputs, the authors state that the

condition n ≥ max[m× s, 3× (m+ s)] should be applied. For example, if we apply this rule

to producing and supplying coal to both local and export markets by mines, the minimum

number of DMUs required for use in the DEA method should be 36.

It is also the case that coal mines are situated in regions with similar characteristics.

For example, in South Africa, most mines are located in Mpumalanga, whereas in Australia,

most mines are located in Queensland and New South Wales. A few mines can represent the

generic characteristics of other mines in the regions from which they are drawn, and therefore

these few samples can be used in simulations.

3.1 Data compilation

In this research, the data subscribed by the candidate in 2013–2014 are shown in Tables 3.1–

3.6, and a declaration of subscription is attached in Appendix A (IntierraRMG 2014). The

data consist of variables for mines producing thermal coal and supplying it to the stated

markets. Tables 3.1 and 3.2 give the data extracted from mines producing and supplying

thermal coal to both export and local markets. Tables 3.3 and 3.4 show the data extracted

from mines producing and supplying coal to the export market only and Tables 3.5 and 3.6

represent some mines producing coal for the local market only.
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Table 3.1: Mine design and coal production variables

DMUs
CAPEX
(US$M)

Stripping
ratio

Run-of-Mine
(Mt/yr)

Capacity
of plant
(Mt/yr)

Age
(yrs)

Local
supply

(Mt/yr)

Export
supply

(Mt/yr) Employees

DMU1 631.33 2.0 11.07 15.0 8 7.70 4.80 550

DMU2 502.71 5.0 8.89 6.0 19 2.00 5.40 325

DMU3 15.88 10.3 14.80 11.0 17 1.81 9.90 704

DMU4 62.18 13.2 8.31 7.8 9 0.84 6.99 682

DMU5 2.00 7.8 0.60 4.0 2 0.30 0.30 94

DMU6 8.31 2.4 1.24 1.2 4 1.28 0.58 210

DMU7 424.99 5.2 4.00 2.4 3 0.55 2.30 263

Table 3.2: Coal deposit-specific variables

DMUs
Ash
(%)

Moisture
(%)

Distance to port
(Km)

Precipitation
(mm)

Calorific value
(MJ/kg)

Thickness
(m)

DMU1 26.5 9.0 262.0 630 26.1 15.0

DMU2 10.1 11.0 275.0 656 27.8 5.5

DMU3 5.5 15.5 41.5 2809 25.8 8.7

DMU4 6.0 16.0 517.0 2905 28.9 5.0

DMU5 5.5 13.5 98.0 2121 27.6 3.5

DMU6 25.0 10.0 951.2 688 20.0 10.0

DMU7 13.3 2.9 570.0 683 27.8 3.0

Table 3.3: Mine design and coal production variables for mining supply system to export

only

DMUs
CAPEX
(US$M)

Stripping
ratio

Run-of-Mine
(Mt/yr)

Capacity
of plant
(Mt/yr)

Age
(yrs)

Export
supply

(Mt/yr) Employees

DMU1 90.3 7.0 2.80 2.8 9 2.8 279

DMU2 1355.8 3.2 8.21 12.0 4 8.2 887

DMU3 2.7 4.2 1.20 1.5 6 1.0 54

DMU4 260.7 7.0 2.00 1.8 4 1.4 550

DMU5 167.7 7.0 4.15 5.5 3 3.5 500
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Table 3.4: Coal deposit-specific variables for mining supply system to export only

DMUs
Ash
(%)

Moisture
(%)

Distance to port
(Km)

Precipitation
(mm)

Calorific value
(MJ/kg)

Thickness
(m)

DMU1 6.00 3.5 410 676 31.00 3.2

DMU2 9.50 14.5 380 663 27.90 38.0

DMU3 8.75 11.0 320 643 29.50 11.5

DMU4 11.00 8.0 380 673 27.85 1.5

DMU5 14.00 9.0 120 640 26.20 10.4

Table 3.5: Selected mine design and coal production variables for mining supply system to

local market only

DMUs
CAPEX
(US$M)

Stripping
ratio

Run-of-Mine
(Mt/yr)

Age
(yrs) Employees

DMU1 62.76 10 2.80 7 –

DMU2 31.42 4 0.72 7 –

DMU3 4.96 4 1.20 6 –

DMU4 50.98 3 5.40 10 –

Table 3.6: Coal deposit-specific variables for mining supply system to local market only

DMUs
Ash
(%)

Moisture
(%)

Precipitation
(mm)

Calorific value
(MJ/kg)

Thickness
(m)

DMU1 25.0 8.3 623.0 21.58 3.0

DMU2 24.4 3.7 693.0 22.50 5.0

DMU3 23.1 3.5 634.5 23.40 3.0

DMU4 13.2 3.0 689.0 19.20 5.6

3.2 Statistics of data collected and choice of simulation method

To conduct simulations of data for each mining supply system, statistics for inferring the

distribution of each of the variables was done in order to choose the optimum method for

simulating the data. The statistics estimated were skewness and kurtosis. Skewness measures

the symmetry of data, whereas kurtosis explains the flatness of the distribution. These were

used as normality test instead of other methods because the sample size was too small that

required bootstrapping to infer the distribution of the samples and then test for normality.

Bootstrap generates repetitive values which are known as ties with the samples, these are

problems to methods such as Anderson-Darling test of normality which severely affected by

these ties due to poor precision Machiwal and Jha (2012).
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Bootstrapping is the sampling process used to estimate the distribution of a certain statis-

tic of interest, such as the mean of a variable, by using the original sample obtained from a

given population without assuming the distribution of that population. The original sample

is assumed to be a population, and it is resampled with replacement to create other samples

known as bootstrap samples. The size of each bootstrap sample is the same as that of the

original sample. The bootstrap samples are then used to estimate the statistic of interest

(Hesterberg 2015). A bootstrap technique was used to estimate skewness and kurtosis for

the data collected.

The rule of thumb for interpreting skewness and kurtosis is, if the value of skewness is

zero, then the distribution of the variable is normal; otherwise, it is a non-normal distribution.

If the kurtosis value is 3, then the distribution of the variable is normal. A kurtosis value of

either less than or greater than 3 indicates a non-normal distribution (DeCarlo 1997).

To illustrate the determination of the skewness and kurtosis of each variable of the col-

lected data, consider a sample of mining supply systems X of size n number of DMUs and

X = {x1, x2, ..., xn}. Each DMU has multiple variables. Algorithm 3.1 is applied to estimate

the skewness and kurtosis of each variable shown for each mining supply system presented in

subsection 3.1. The algorithm was created by adapting the method presented by Efron and

Tibshirani (1994).

Algorithm 3.1 Bootstrap for testing normality of data

Require: Input file of the original sample data

1: Take a sample Xi = {x1, x2, ..., xn}. Consider Xi as a population. Each element of

sample Xi has a 1
n probability of being chosen.

2: for b = 1 : B do

3: Sample the members of Xi with replacement to generate bootstrap sample X∗b .

4: Compute the skewness and kurtosis of each variable for each bootstrap sample b.

5: end for

6: Generate the approximate distribution of skewness and kurtosis using the results of B

samples obtained in step 4.

7: Estimate the mean skewness and kurtosis and interpret the results.

The results from the application of Algorithm 3.1 are presented in Tables 3.7–3.9. The

results show that mean skewness of the variables was either negative or positive greater than

0, indicating non-normality. The mean kurtosis values were positive and greater or less than

3, which indicates that the variables of the data were obtained from non-normal distributions

of their populations. The property of non-normality of the variables suggests the choice of a

multivariate non-normal simulation method for generating data that are conditioned to the
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properties of samples of mining supply systems presented in Tables 3.1–3.6.

Table 3.7: Results for 1000 bootstrap variables for mining supply system for both export and

local markets

Variable Mean skewness Mean kurtosis

Run-off mine 0.02 1.99

Calorific value -0.88 2.85

Thickness 0.56 2.24

Plant capacity 0.40 2.14

CAPEX 0.45 1.97

Stripping ratio 0.34 2.05

Precipitation 0.41 1.96

Age 0.50 2.15

Ash 0.65 2.23

Moisture -0.37 2.24

Distance-port 0.46 2.24

Export 0.29 2.18

Local supply 0.96 2.97

Table 3.8: Results for 1000 bootstrap variables for mining supply system for export market

only

Variable Mean skewness Mean kurtosis

Run-off mine 0.56 2.11

Calorific value 0.14 1.96

Thickness 0.56 2.19

Plant capacity 0.73 2.18

CAPEX 0.71 2.28

Stripping ratio -0.43 1.97

Precipitation -0.12 1.84

Age 0.52 2.09

Ash 0.09 2.00

Moisture -0.04 2.03

Distance-port -0.66 2.23

Export 0.60 2.12
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Table 3.9: Results for 1000 bootstrap variables for mining supply system for local market

only

.

Variables Mean skewness Mean kurtosis

Run off mine 0.40 1.97

Calorific value -0.32 1.97

Thickness 0.10 1.84

CAPEX -0.23 1.90

Striping ratio 0.35 2.24

Precipitation 0.01 1.84

Age 0.33 2.13

Ash -0.60 2.16

Moisture 0.40 2.23

3.3 Simulation of multivariate data for the research

The method applied in this research to generate multivariate non-normal data for the DEA

method was proposed by Ruscio and Kaczetow (2008), which is known as Sample and Iterate

(Sample and Iterate (SI)). This method generates data that produces a correlation matrix

that is approximate to the correlation matrix of the original samples used.

The reasons for the choice of this method were as follows: It does not require specification

of the moments (mean, variance, kurtosis, and skewness); rather, it iterates to restore the

correlation matrix; it can be used in sampling discrete distributions to distinguish populations

with equal moments; it does not require boundary conditions for defining moments; and it

can handle distribution with undefined moments.

The simulation of data in this research was carried out using Algorithm 3.2.
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Algorithm 3.2 Simulation algorithm for evaluating the DEA model

Require: Input file with raw data

1: Prepare the dataset in a format for R-software compatibility.

2: Determine the correlation among the variables in the original dataset, referred to as a

target correlation matrix.

3: for i = 1 : n do

4: Generate non-normal data using the iterative method proposed by Ruscio and

Kaczetow (2008) and compute the correlation matrix of the variables of the result-

ing data.

5: Compare correlation matrices obtained in steps 2 and 4 based on Root Mean Square

Residuals (RMSR).

6: end for

7: Extract the data that generate minimum RMSR in step 5.

3.3.1 Simulation of data for mining supply systems for both local and

export markets

Generating primary data starts with the determination of the correlation matrix obtained

from the variables of the collected samples of mining supply systems indicated in Tables 3.1

and 3.2. The correlation matrix is an input into the SI method. Table 3.10 shows the matrix

of correlation of variables of the original samples (target matrix). The strongest correlation

is between Run-of-Mine (ROM) and export tonnage, which is 0.943, meaning that the run-off

mine is related to the export tonnage by 94.3%. The matrix of the original sample was used

to simulate 60 DMUs, which were extracted for use in this research. The matrix resulting

from the simulated datasets is presented in Table 3.11. The simulated samples that gave a

minimum RMSR were chosen and extracted for use in the study.
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Table 3.10: Correlation of sample mines’ variables for both local and export markets
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Run-of-Mine 1

Calorific value 0.267 1

Thickness 0.426 -0.515 1

Plant capacity 0.834 0.259 0.654 1

CAPEX 0.28 0.286 0.301 0.376 1

Stripping ratio 0.28 0.541 -0.495 0.099 -0.561 1

Precipitation 0.298 0.346 -0.277 0.217 -0.693 0.936 1

Age 0.791 0.204 0.14 0.458 0.194 0.234 0.173 1

Ash -0.14 -0.657 0.747 0.101 0.437 -0.85 -0.747 -0.302 1

Moisture 0.335 0.107 0.018 0.314 -0.614 0.694 0.817 0.405 -0.525 1

Distance-port -0.521 -0.584 0.036 -0.58 -0.1 -0.337 -0.42 -0.44 0.54 -0.4 1

Export 0.943 0.336 0.192 0.679 0.034 0.553 0.529 0.799 -0.379 0.501 -0.463 1

Local supply 0.49 -0.086 0.868 0.794 0.663 -0.498 -0.372 0.164 0.645 -0.143 -0.201 0.205 1

Table 3.11: Correlation matrix for simulated data for both local and export markets
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Run-of-Mine 1

Calorific value 0.411 1

Thickness 0.333 -0.435 1

Plant capacity 0.897 0.273 0.502 1

CAPEX 0.179 0.215 0.194 0.317 1

Stripping ratio 0.239 0.408 -0.426 0.048 -0.486 1

Precipitation 0.305 0.266 -0.195 0.14 -0.525 0.856 1

Age 0.689 0.419 0.155 0.616 0.084 0.318 0.319 1

Ash -0.171 -0.559 0.641 -0.016 0.374 -0.739 -0.568 -0.298 1

Moisture 0.387 0.07 -0.021 0.269 -0.606 0.636 0.663 0.333 -0.543 1

Distance-port -0.642 -0.588 0.08 -0.483 -0.132 -0.421 -0.369 -0.446 0.468 -0.323 1

Export 0.857 0.415 0.16 0.741 -0.041 0.463 0.524 0.641 -0.353 0.466 -0.6 1

Local supply 0.427 -0.035 0.686 0.595 0.538 -0.422 -0.337 0.159 0.529 -0.261 -0.09 0.175 1

The resulting RMSR between the correlation matrices for the samples and simulated data

is 0.094. This implies that the correlation matrix of the simulated data has an average error

of 9.4% from the target correlation matrix.

Author: Budeba, MD (2016) 46

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

© University of Pretoria 



3.3.2 Simulation of data for mining supply systems for export markets

The correlation matrix of the original datasets representing mines producing coal and sup-

plying it to the export market only is shown in Table 3.12, whereas that for 50 simulated

DMUs is shown in Table 3.13. The strongest relationship in the original sample of 0.995

was between ROM and Export variables. A comparison between the correlation matrices

indicates an RMSR of 0.122, which implies an error of 12.2% for the matrix of simulated

data from the matrix of the original datasets collected.

Table 3.12: Correlation for sample mines’ variables for export markets
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Run-of-Mine 1

Calorific value -0.367 1

Thickness 0.886 -0.257 1

Plant capacity 0.994 -0.386 0.925 1

CAPEX 0.93 -0.276 0.91 0.933 1

Stripping ratio -0.508 -0.044 -0.844 -0.58 -0.654 1

Precipitation 0.056 0.481 -0.157 -0.026 0.198 0.24 1

Age -0.371 0.967 -0.349 -0.404 -0.37 0.132 0.451 1

Ash 0.14 -0.968 0.038 0.161 0.026 0.203 -0.569 -0.91 1

Moisture 0.594 -0.488 0.843 0.667 0.704 -0.846 -0.435 -0.64 0.334 1

Distance-port -0.002 0.711 0.065 -0.033 0.259 -0.248 0.815 0.568 -0.815 -0.119 1

Export 0.995 -0.272 0.9 0.99 0.933 -0.549 0.091 -0.283 0.041 0.578 0.07 1
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Table 3.13: Correlation for simulated data for export markets
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Run-of-Mine 1

Calorific value -0.325 1

Thickness 0.925 -0.316 1

Plant capacity 0.889 -0.413 0.925 1

CAPEX 0.872 -0.187 0.926 0.856 1

Stripping ratio -0.678 0.097 -0.621 -0.697 -0.713 1

Precipitation -0.053 0.58 -0.041 -0.07 0.037 -0.124 1

Age -0.307 0.896 -0.325 -0.406 -0.181 0.1 0.542 1

Ash 0.148 -0.915 0.134 0.207 0.002 0.081 -0.593 -0.787 1

Moisture 0.787 -0.571 0.736 0.828 0.662 -0.598 -0.174 -0.573 0.406 1

Distance-port -0.081 0.727 -0.037 -0.07 0.042 -0.062 0.523 0.55 -0.883 -0.286 1

Export 0.874 -0.231 0.908 0.875 0.86 -0.719 -0.027 -0.243 0.01 0.69 0.079 1

3.3.3 Simulation of data for mines producing coal for local markets only

The resulting correlation matrices for the datasets collected from mines producing coal for the

local market only and those collected from 30 generated DMUs are presented in Table 3.14

and Table 3.15, respectively. The strongest correlation in the original datasets is highlighted,

which is 0.999, which indicates a relationship between Stripping Ratio (SR) and moisture.

The RMSR between the matrices for the original and simulated data is 0.12. This indicates

that the average error of the matrix of simulated data from the target matrix is 12%.

Table 3.14: Correlation matrix for simulated mines supplying coal to local markets
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Run-of-Mine 1

Calorific value -0.955 1

Thickness 0.45 -0.651 1

CAPEX 0.624 -0.708 0.222 1

Stripping ratio -0.062 0.111 -0.644 0.568 1

Precipitation 0.207 -0.432 0.966 0.031 -0.718 1

Age 0.907 -0.974 0.784 0.556 -0.331 0.598 1

Ash -0.863 0.845 -0.688 -0.222 0.558 -0.523 -0.915 1

Moisture -0.032 0.072 -0.608 0.605 0.999 -0.689 -0.292 0.533 1
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Table 3.15: Correlation matrix for simulated mines supplying coal to local markets

R
u
n
-of-M

in
e

C
a
lorifi

c
valu

e

T
h
ick

n
ess

C
A

P
E

X

S
trip

p
in

g
ratio

P
recip

itation

A
g
e

A
sh

M
oistu

re

Run-of-Mine 1

Calorific value -0.751 1

Thickness 0.545 -0.489 1

CAPEX 0.636 -0.661 0.063 1

Stripping ratio -0.052 0.227 -0.671 0.391 1

Precipitation 0.323 -0.448 0.667 -0.058 -0.728 1

Age 0.737 -0.812 0.571 0.494 -0.309 0.418 1

Ash -0.678 0.734 -0.707 -0.246 0.521 -0.592 -0.818 1

Moisture -0.044 0.198 -0.6 0.413 0.936 -0.677 -0.294 0.47 1

3.4 Secondary attributes of the mining supply systems

Secondary attributes were generated through computation using the available developed

mathematical equations. The attributes included the number of employees, the actual price

of coal based on adjustments for the specified calorific value of the coal, and the net revenue

obtained from coal sales.

3.4.1 Number of employees

The number of personnel for each system is related to the ROM or tonnage of material used

in the specific section of the mining supply system. The approach used for each of the mining

supply systems was that proposed by Hustrulid and Kuchta (2006) for soft rocks. Therefore,

the number of personnel was computed using the following information:

T is the total tons of coal crushed/day.

Tp is the total tons of waste and coal mined/day.

To is the total tons of coal mined/day.

Tw is the total tons of overburden mined/day.

Nop is the number of mine personnel (operators).

Nml is the process crew size.

Nsv is the number of service personnel required for open pit mining.
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Nat is the number of administrative and technical personnel required for mining, crushing,

and services.

Assume that the mine operates 5 days/week and the mill operates 7 days/week. The rela-

tionship between tons and the number of personnel is given by Equations 3.1–3.5 (Hustrulid

and Kuchta 2006).

Nop = 0.024T 0.8
p for competent soft rock in this case is coal (3.1)

T = 0.71× To (3.2)

Nml = 7.2T 0.3 (3.3)

Nsv = 0.254(Nop +Nml) (3.4)

Nat = 0.11(Nop +Nml +Nsv) (3.5)

3.4.2 Revenue and carbon emission

In most cases, export coal is sold on the basis of the Free on Board (FOB) price. This is

the price given to the seller upon delivering the coal to the buyer’s vessel. The FOB price

is corrected to take into account the energy content expressed in terms of Calorific Value

(CV). The approach to correcting the FOB price was highlighted by Docker (2011). The

calculation of CO2 emissions is shown in Equation 3.8 (Australian Government Department

of the Environment 2014). Consider the following definitions:

CVs is the minimum calorific value required for export (MJ/kg).

CV is the calorific value of the tonnage of coal produced (MJ/kg).

FOBs is the price that can be offered for a specified standard calorific value (US$/tonne).

CO2 is the allowed limit of carbon emission. The excess emission is a penalty that is imposed

by reducing the gross revenue obtained from selling thermal coal.

EF is the emission factor.

Therefore, the Net Revenue (NR) (US$M) is given by Equation (3.6), the FOB price

for coal of specific quality can be obtained by using Equation (3.7), and the CO2 Emission

Penalty (EP) is represented by Equation (3.9).

NR = Total revenue− emission penalty− royalty (3.6)

FOB =
CVs
CV

× FOBs (3.7)

CO2 emission in tonnes = ROM × EF (3.8)

EP = Carbon tax per tonne× excess CO2 emission in tonnes (3.9)

Author: Budeba, MD (2016) 50
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The price of thermal coal for three years covering the period for which the data were

subscribed was used. The average price of coal used was $90/tonne for the period from 2012

to 2014, as shown in the Figure 3.1 (Kolesnikov 2015). This was used as the benchmark

price for all mines in the study. The average price for exported coal was adjusted to account

for the calorific value and to determine the NR. For local market supply, the coal price used

was US$37/tonne, which is an average of US$35, US$37, and US$39 for the period from 2012

to 2014 (Angloamerican 2013, 2012). The minimum calorific value specification for exported

coal was considered to be 24.5 MJ/kg (5,850 kcal/kg NCV) (globalCOAL 2015).
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Figure 3.1: Coal prices for export in Australia (Source: IMF commodity price forecasts data).

Both primary simulated data and the secondary attributes of the mining supply systems

were compiled to form a set of data, which are given in Appendices B.1–B.3 of this report.

3.5 Conclusion

Simulated data for the major variables influencing the competitiveness of surface coal mines

producing and supplying thermal coal to the market were generated in this chapter. The data

were generated using the SI method for non-normal multivariate data. The intention was to

generate data that maintained the characteristics of the original samples using correlation

matrices and to provide the number of DMUs that satisfy the minimum requirements for

applying the DEA method in order to achieve discrimination among the DMUs.
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For all datasets generated by the simulations, two samples of DMUs for coal supply

systems for both local and export markets were found to be outliers because their export

capacities were higher than the maximum capacity of a washing plant per year. For this

reason, they were excluded from the study, leaving 58 DMUs for use in the study. The other

simulated data had no outliers. The used simulated samples for the extraction and supply

of coal to export markets only were 50 DMUs and 30 DMUs for the supply of coal to local

markets only.

Data envelopment analysis requires data for measuring the efficiency of an entity such as

coal mining operations. The data simulated in this chapter and real mines extracted from

RMG database forms the group of mines for DEA study. Therefore, this chapter will be

followed by Chapter 4 which uses the variables of compiled data to formulated the models

for measuring technical efficiency of surface coal mining. The variables of generated data in

this chapter are used in Chapter 4 about the formulation of the models. Then, the data will

be used to evaluate the models as discussed in Chapter 5.
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Chapter 4

Modelling the efficiency and

performance of a surface coal mine

Modelling refers to the process of producing an imitation or an abstract representation or

artefact of a specific system or object. A model is a close approximation of a real system,

but it is simpler than the system itself (Maria 1997; Gupta and Grover 2013). Models are

used to solve complex problems about a given system. This is done through abstraction and

construction of a model of such a system using its properties and then developing solutions

for a stated problem. There two main types of models. The first is a physical model, which

is a prototype of a real object or system. For example, dragline mining equipment can be

represented as a three-dimensional physical object mimicking the features and operational

properties of an actual dragline. The second type is an analytical model, which seeks to

explain the behaviour of a system in mathematical language or in the form of a computer

program.

This chapter describes the mathematical modelling of the technical efficiency and perfor-

mance of a surface mine producing and supplying thermal coal to the market. The chapter

is organised into two parts. First, Data Envelopment Analysis (DEA) is applied to formulate

the mathematical models for evaluating the relative technical efficiency of a mine producing

and supplying thermal coal to the market. Secondly, mathematical models are developed to

predict the technical efficiency and performance of a mine.

Mine production and supply systems of thermal coal are considered to consist of subsys-

tems that include extraction, washing, and delivery to the port where the coal is sold to the

export market. In this research, the structure of the production and supply of thermal coal

will be referred to as a mining supply system. The system is considered to use discretionary

input variables that can be controlled by mine management to generate target outputs while

operating under non-discretionary conditions that cannot be controlled. Both discretionary
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and non-discretionary variables will be considered in the formulation of the models. To

formulate the models, the following structures of mining supply systems are first explained:

Combined System for Local and Export (CSLE) A system that involves the extrac-

tion of coal, washing to remove ash and other inorganic matter, and transporting it to

the port for the export market. It also supplies coal to nearby power plants for elec-

tricity generation.

Export Coal Mine Supply (ECMS) A system that involves the extraction of coal,

washing, and then supplying it to the export market only.

Local Coal Mine Supply (LCMS) A system that extracts coal and supplies it to nearby

power plants that produce electricity. The supply of coal to buyers at the mine is also

known as a mine mouth system.

4.1 Formulation of models for measuring the technical effi-

ciency of mining supply systems

Consider Figure 4.1 to represent the generic structure of a system producing and supplying

thermal coal to the markets. It is referred to as a mining supply system, and it consists of

extraction, washing, and port operations as subsystems. This structure is used to describe

the models for evaluating the technical efficiency of a given mining supply system, as detailed

in subsections 4.2–4.5.

Figure 4.1: Generic coal mining supply system for mine j ∈ JJJ .

We can represent the set of subsystems with Figure 4.1. Consider the extraction subsystem

to be denoted by superscript m, the washing subsystem to be represented by superscript b,

and the port subsystem to be denoted by superscript p. Let FFF = {1, ..., F} denote the set of

inputs to the extraction subsystem and KKK = {1, ...,K} the set of intermediate outputs from
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the extraction subsystem to the washing subsystem. Also, let III = {1, ..., I} denote the set of

inputs at the beginning of the washing subsystem and RRR = {1, ..., R} the set of intermediate

outputs from the washing subsystem to the port subsystem. Finally, let SSS = {1, ..., S} denote

the set of inputs at the beginning of the port subsystem and TTT = {1, ..., T} the set of outputs

from the port subsystem.

Consider a set of surface mining supply systems JJJ = {1, ..., n}. Each mining supply

system, j ∈ JJJ , is regarded to be a Decision Making Unit (DMU) that produces coal and

supplies it to a specific market. The definitions of variables shown in Figure 4.1 and other

notations used to explain the models are as follows Budeba et al. (2016):

xmfj is the given input f ∈ FFF by the extraction subsystem (m) of mining supply system j ∈ JJJ .

The inputs include: Capital Expenditure (CAPEX) (US$M), number of employees in

the mining operation, and Stripping Ratio (SR).

υmf is the weight of input f ∈ FFF .

ymgj is the given output g ∈GGG generated by the extraction subsystem (m) of a mining supply

system j ∈ JJJ to the local market. The output is revenue (US$M) from the sale of coal.

νmg is the weight of output g ∈GGG.

zmkj is the given intermediate output k ∈ KKK from the extraction subsystem (m) of mining

supply system j ∈ JJJ that will be used in the washing subsystem (b). The intermediate

outputs in this subsystem include Run-of-Mine (ROM) (Mt/yr), ash (%), and moisture

(%).

ηmk is the weight of intermediate output k ∈KKK.

xbij is the given input i ∈ III at the beginning of the washing subsystem (b) of a mining supply

system j ∈ JJJ . (Examples of these inputs are plant capacity (Mt/yr), administration,

and number of employees in the washing plant.)

υbi is the weight of input i ∈ III.

zbrj is the given intermediate output r ∈ RRR from the washing subsystem (b) and the usage to

the port subsystem (p) of a coal mining supply system j ∈ JJJ . The intermediate output

in this subsystem is the tonnage of clean coal for export (Mt/yr).

ηbr is the weight of intermediate output r ∈ RRR.

xpsj is the given input s ∈ SSS at the beginning of the port subsystem (p) of a mining supply

system j ∈ JJJ . The input at the beginning of the port is the allowable carbon emission

(tonnes).
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υps is the weight of input s ∈ SSS.

yptj is the given output t ∈ TTT generated by the port subsystem (p) of a mining supply system

j ∈ JJJ . The output is the revenue (US$M) from the sales of coal to the export market.

νpt is the weight of output t ∈ TTT .

θj is the overall efficiency of a mining supply system j ∈ JJJ .

θmj is the efficiency of the extraction subsystem (m) of a mining supply system j ∈ JJJ .

θbj is the efficiency of the washing subsystem (b) of a mining supply system j ∈ JJJ .

θpj is the efficiency of the port subsystem (p) of a mining supply system j ∈ JJJ .

σmj is the ratio of the weighted inputs in the extraction subsystem (m) to the total weighted

inputs of the whole mining supply system j ∈ JJJ .

σbj is the ratio of the weighted inputs in the washing subsystem (b) to the total weighted

inputs of the whole mining supply system j ∈ JJJ .

σpj is the ratio of the weighted inputs in the port subsystem (p) to the total weighted inputs

in the whole mining supply system j ∈ JJJ .

4.2 Combined System for Local and Export (CSLE) model

The CSLE model is composed of surface coal mines producing and supplying coal to local

and export markets. The coal supply chain for this model consists of extraction, washing

(cleaning), and port operations. These subsystems are considered to be interdependent, and

they determine the overall technical efficiency of the mining supply system.

Cook et al. (2010) suggested that the overall technical efficiency of a system involving

subsystems is the convex linear combination of stage-level measures. This implies that the

sum of the weighted efficiency of each subsystem gives the overall efficiency of the system.

The weight of a subsystem is the ratio of the inputs of that subsystem to the overall inputs

of the whole system.

In this case, the mathematical representation of the CSLE model for measuring the tech-

nical efficiency of the mining supply system is derived from the generic structure of the surface

coal mine supply system, represented in Figure 4.1. The technical efficiency of the system

and its subsystems is defined using Equation (4.1).

Efficiency =
Weighted sum of outputs

Weighted sum of inputs
(4.1)
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To formulate the models, consider the composition of the weighted inputs and outputs and

other conditions for a mining supply system denoted by DMUo as follows:

1. The total weighted inputs to the extraction subsystem are given by Equation (4.2).∑
f∈FFF

υmf x
m
fo (4.2)

2. The total weighted inputs to the washing subsystem are the combination of the weighted

inputs at the beginning of the washing subsystem and the weighted output from the

extraction subsystem, given by Equation (4.3).∑
i∈III

υbix
b
io +

∑
k∈KKK

ηmk z
m
ko (4.3)

3. The total weighted inputs to the port subsystem are the sum of the weighted inputs

at the beginning of the port subsystem and the weighted output from the washing

subsystem, given by Equation (4.4).∑
s∈SSS

υpsx
p
so +

∑
r∈RRR

ηbrz
b
ro (4.4)

4. The total of weighted inputs of the whole surface coal mining supply system is given

by Equation (4.5).∑
f∈FFF

υmf x
m
fo +

∑
k∈KKK

ηmk z
m
ko +

∑
i∈III

υbix
b
io +

∑
s∈SSS

υpsx
p
so +

∑
r∈RRR

ηbrz
b
ro (4.5)

5. The value of the efficiency of the whole system and each of subsystem is valid under

the conditions given by 0 ≤ θj ≤ 1.

6. For each subsystem to be in operation, the total weighted inputs entering such a sub-

system must be greater than or equal to a minimum value, say α. This ensures that

all subsystems are functioning—if the value of the total weighted inputs is zero, such a

subsystem collapses and is deemed as not functioning.

7. The technical efficiency of a coal mine system is influenced by non-discretionary vari-

ables, in addition to the discretionary variables that are controllable by the manage-

ment.

The overall efficiency is formulated from the efficiency of each of the subsystems involved in

the supply chain (extraction, washing, and port) using information from items 1–7 above. In

this case, the overall efficiency of the mining supply system under investigation, denoted by

DMUo, and the weighted input of each of its subsystems is determined as follows:

The overall efficiency of DMUo = θo = σmo θ
m
o + σboθ

b
o + σpoθ

p
o (4.6)
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where

σmo =

∑
f∈FFF

υmf x
m
fo∑

f∈FFF
υmf x

m
fo +

∑
k∈KKK

ηmk z
m
ko +

∑
i∈III

υbix
b
io +

∑
s∈SSS

υpsx
p
so +

∑
r∈RRR

ηbrz
b
ro

(4.7)

σbo =

∑
k∈KKK

ηmk z
m
ko +

∑
i∈III

υbix
b
io∑

f∈FFF
υmf x

m
fo +

∑
k∈KKK

ηmk z
m
ko +

∑
i∈III

υbix
b
io +

∑
s∈SSS

υpsx
p
so +

∑
r∈RRR

ηbrz
b
ro

(4.8)

σpo =

∑
s∈SSS

υpsx
p
so +

∑
r∈RRR

ηbrz
b
ro∑

f∈FFF
υmf x

m
fo +

∑
k∈KKK

ηmk z
m
ko +

∑
i∈III

υbix
b
io +

∑
s∈SSS

υpsx
p
so +

∑
r∈RRR

ηbrz
b
ro

(4.9)

Consider the input-oriented Variable Return to Scale (VRS) for each of the subsystems. Sub-

stituting the values σmo , σbo, and σpo into Equation (4.6) gives Equation (4.10). Thus, the

CSLE model for the determination of technical efficiency is represented by the Fractional

Program (FP) in Equations (4.10)–(4.19). FP is difficult to solve, and thus it needs to be

transformed into a Linear Program (LP) that can be solved more easily.

max θo =

∑
g∈GGG

νmg y
m
go +

∑
k∈KKK

ηmk z
m
ko +

∑
r∈RRR

ηbrz
b
ro +

∑
t∈TTT

νpt y
p
to + πmo + πbo + πpo∑

f∈FFF
υmf x

m
fo +

∑
k∈KKK

ηmk z
m
ko +

∑
i∈III

υbix
b
io +

∑
s∈SSS

υpsx
p
so +

∑
r∈RRR

ηbrz
b
ro

(4.10)

subject to∑
g∈GGG

νmg y
m
gj +

∑
k∈KKK

ηmk z
m
kj +

∑
r∈RRR

ηbrz
b
rj +

∑
t∈TTT

νpt y
p
tj + πmj + πbj + πpj∑

f∈FFF
υmf x

m
fj +

∑
k∈KKK

ηmk z
m
kj +

∑
i∈III

υbix
b
ij +

∑
s∈SSS

υpsx
p
sj +

∑
r∈RRR

ηbrz
b
rj

≤ 1 ∀j ∈ JJJ (4.11)

∑
g∈GGG

νmg x
m
gj +

∑
k∈KKK

ηmk z
m
kj + πmj∑

f∈FFF
υmf x

m
fj

≤ 1 ∀j ∈ JJJ (4.12)

∑
r∈RRR

ηbrz
b
rj + πbj∑

i∈III
υbix

b
ij +

∑
k∈KKK

ηmk z
m
kj

≤ 1 ∀j ∈ JJJ (4.13)

∑
t∈TTT

νpt y
p
tj + πpj∑

s∈SSS
υpsx

p
sj +

∑
r∈RRR

ηbrz
b
rj

≤ 1 ∀j ∈ JJJ (4.14)
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∑
f∈FFF

υmf x
m
fj ≥ α ∀j ∈ JJJ (4.15)

∑
i∈III

υbix
b
ij +

∑
k∈KKK

ηmk z
m
kj ≥ α ∀j ∈ JJJ (4.16)

∑
s∈SSS

υpsx
p
sj +

∑
r∈RRR

ηbrz
b
rj ≥ α ∀j ∈ JJJ (4.17)

υmf , ν
m
g , η

m
k , υ

b
i , η

b
r, υ

p
s , ν

p
t ,≥ ε (4.18)

πmj , π
b
j , π

p
j are free in sign (4.19)

The variables πmj , πbj , and πpj account for the measure of the return to scale for the

extraction, washing, and port subsystems, respectively. A value greater or lesser than zero

indicate that a subsystem or the system is undergoing VRS; a value of zero indicates a

Constant Return to Scale (CRS).

The transformation from FP to LP is done using the same form as that of the Charnes

and Cooper transformation described in subsection 2.4.3. In this case, let

t =
1∑

f∈FFF
υmf x

m
fo +

∑
k∈KKK

ηmk z
m
ko +

∑
i∈III

υbix
b
io +

∑
s∈SSS

υpsx
p
so +

∑
r∈RRR

ηbrz
b
ro

(4.20)

and therefore, the new weights are obtained after multiplying t by each equation from

(4.11)–(4.14) in the numerator and denominator and the right- and left-hand sides of Equa-

tions (4.15)–(4.17). The following weights are obtained: γmk =tηmk , γbr=tη
b
r and µpt=tν

p
t ,

ωm
f =tυmf , ωb

i=tυ
b
i , µ

m
g =tνmg and ωp

s=tυps , um=tπm, ub=tπb, and up=tπp. The resulting LPs

are shown by Equations (4.21)–(4.31).

max θo =
∑
g∈GGG

µmg y
m
go +

∑
k∈KKK

γmk z
m
ko +

∑
r∈RRR

γbrz
b
ro +

∑
t∈TTT

µpt y
p
to + umo + ubo + upo (4.21)

subject to

∑
g∈GGG

µmg y
m
gj +

∑
t∈TTT

µpt y
p
tj −

∑
f∈FFF

ωm
f x

m
fj −

∑
i∈III

ωb
ix

b
ij −

∑
s∈SSS

ωp
sx

p
sj + umj + ubj + upj ≤ 0 ∀j ∈ JJJ

(4.22)∑
f∈FFF

ωm
f x

m
fo +

∑
i∈III

ωb
ix

b
io +

∑
s∈SSS

ωp
sx

p
so +

∑
k∈KKK

γmk z
m
ko +

∑
r∈RRR

γbrz
b
ro = 1 (4.23)

∑
g∈GGG

µmg y
m
gj +

∑
k∈KKK

γmk z
m
kj −

∑
f∈FFF

ωm
i x

m
fj + umj ≤ 0 ∀j ∈ JJJ (4.24)

∑
r∈RRR

γbrz
b
rj −

∑
i∈III

ωb
ix

b
ij −

∑
k∈KKK

γmk z
m
kj + ubj ≤ 0 ∀j ∈ JJJ (4.25)
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∑
t∈TTT

µpt y
p
tj −

∑
s∈SSS

ωp
sx

p
sj −

∑
r∈RRR

γbrz
b
rj + upj ≤ 0 ∀j ∈ JJJ (4.26)

∑
f∈FFF

ωm
f x

m
fj ≥ β ∀j ∈ JJJ (4.27)

∑
i∈III

ωb
ix

b
ij +

∑
k∈KKK

γmk z
m
kj ≥ β ∀j ∈ JJJ (4.28)

∑
s∈SSS

ωp
sx

p
sj +

∑
r∈RRR

γbrz
b
rj ≥ β ∀j ∈ JJJ (4.29)

ωm
f , µ

m
g , γ

m
k , ω

b
i , γ

b
r, ω

p
s , µ

p
t ≥ ε (4.30)

umj , u
b
j , u

p
j are free in sign (4.31)

The variables umj , ubj , and upj account for the measure of the return to scale for the

extraction, washing, and port subsystems, respectively. These variables are free in sign, and

the value of each can be negative or positive. If any variable or all of them in total equal

zero, then the system in undergoing CRS; otherwise, it indicates VRS.

The model in Equations (4.21)–(4.31) should then be solved ‖JJJ‖ times to compute the

technical efficiency of each of the j ∈ JJJ mining supply systems used in the study. The LP

model computes the optimal weights of each DMU, which maximises its technical efficiency

score relative to the other mining supply systems used in the study. The DMU is termed

efficient if the efficiency score is equal to 1 and inefficient if it is greater than 0 but less than

1.

4.3 Combined System for Local and Export (CSLE) with non-

discretionary variables

Non-discretionary variables are those variables that cannot be changed at the discretion of

the management. These variables affect the output of the production unit, which in turn

influences the efficiency of the DMU. Various approaches to account for the influence of

non-discretionary variables on the technical efficiency of a DMU have been discussed in the

DEA literature, one of which mentions entering non-discretionary inputs in the objective

function of the multiplier DEA model. This is achieved by subtracting the weighted sum

of the non-discretionary variables from the weighted sum of outputs of a DMU in the DEA

model. The multipliers associated with the non-discretionary variable can be zero if such a

variable does not affect the efficiency; otherwise, if the multiplier is greater than zero, such a

variable will affect the efficiency score (Lotfi et al. 2007; Cooper et al. 2007).

Another approach is the use of the two-stage method, which involves the computation

of the efficiency scores in the first stage using discretionary variables in the DEA model

and applying the regression method in the second stage to account for the influence of non-
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discretionary variables (Banker and Natarajan 2008). Examples of regression methods used

in the second stage include Tobit regression and ordinary least squares.

A third approach is the use of the bootstrap technique. This method involves two stages.

The first stage is the computation of the efficiency scores using discretionary inputs only; the

second stage involves sampling the resulting efficiency scores of each DMU with replacement.

The aim is to create independent efficiency scores by eliminating the dependency among the

efficiency scores that violates the regression assumption. The bootstrapped efficiency scores

are used for truncated regression relating them to the non-discretionary variables. More

details about the application of the bootstrap technique for non-discretionary variables can

be found in the scholarly work by Xue et al. (1999); Simar and Wilson (2007); Afonso and

Aubyn (2006); Nedelea and Fannin (2013).

In the mining context, the observed output is a result of the discretionary inputs and

the influence of the non-discretionary variables such as rainfall (precipitation), which can

interfere with production operations. This research applies the approach discussed by Lotfi

et al. (2007) and Cooper et al. (2007). The method ensures that the resulting efficiency scores

account for both discretionary and non-discretionary variables.

Consider the coal mining supply system to be operating in an environment in which there

are non-discretionary external variables, denoted by superscript e, and each variable is in-

dexed by h ∈ HHH. The weighted sum of non-discretionary variables is given by
∑
h∈HHH

ωe
hx

e
ho,

which is subtracted from the overall weighted output of the mining supply system in Equa-

tions (4.32) and (4.33).

max θo =
∑
g∈GGG

µmg y
m
gj +

∑
k∈KKK

γmk z
m
ko +

∑
r∈RRR

γbrz
b
ro +

∑
t∈TTT

µpt y
p
to −

∑
h∈HHH

ωe
hx

e
ho + umo + ubo + upo

(4.32)

subject to

∑
g∈GGG

µmg y
m
gj +

∑
t∈TTT

µpt y
p
tj −

∑
f∈FFF

ωm
f x

m
ij −

∑
i∈III

ωb
ix

b
ij −

∑
s∈SSS

ωp
sx

p
sj −

∑
h∈HHH

ωe
hx

e
hj + umj

+ ubj + upj ≤ 0 ∀j ∈ JJJ (4.33)∑
f∈FFF

ωm
f x

m
fo +

∑
k∈KKK

γmk z
m
ko +

∑
i∈III

ωb
ix

b
io +

∑
r∈RRR

γbrz
b
ro +

∑
s∈SSS

γpsx
p
so = 1 (4.34)

∑
g∈GGG

µmg y
m
gj +

∑
k∈KKK

γmk z
m
kj −

∑
f∈FFF

ωm
f x

m
fj + umj ≤ 0 ∀j ∈ JJJ (4.35)

∑
r∈RRR

γbrz
b
rj −

∑
i∈III

ωb
ix

b
ij −

∑
k∈KKK

γmk z
m
kj + ubj ≤ 0 ∀j ∈ JJJ (4.36)

∑
t∈TTT

µpt y
p
tj −

∑
s∈SSS

ωp
sx

p
sj −

∑
r∈RRR

γbrz
b
rj + upj ≤ 0 ∀j ∈ JJJ (4.37)
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∑
f∈FFF

ωm
f x

m
ij ≥ β ∀j ∈ JJJ (4.38)

∑
i∈III

ωb
ix

b
ij +

∑
k∈KKK

γmk z
m
kj ≥ β ∀j ∈ JJJ (4.39)

∑
s∈SSS

ωp
sx

p
sj +

∑
r∈RRR

γbrz
b
rj ≥ β ∀j ∈ JJJ (4.40)

ωe
hj ≥ 0 ∀h ∈HHH, ∀j ∈ JJJ (4.41)

ωm
f , µ

m
g , γ

m
k , ω

b
i , γ

b
r, ω

p
s , µ

p
t ≥ ε (4.42)

umj , u
b
j , u

p
j are free in sign (4.43)

4.4 Export Coal Mine Supply (ECMS) model

The Export Coal Mine Supply (ECMS) model is a special case of the CSLE model. It deals

with surface coal mines that produce coal, wash it to improve its quality by removing ash

and other organic matter that lowers the energy content of the coal, and then sells clean coal

tonnage to gain revenue (US$M) at the port from export markets only. The ECMS model

differs from the CSLE model in one respect: no coal is supplied to the local market.

The overall technical efficiency for ECMS is determined from the linear convex combi-

nation of the technical efficiency of its subsystems, indicated in Figure 4.2, which is part of

the generic mining supply system shown in Figure 4.1. The resulting FP is represented by

Equations (4.44)–(4.53).

Figure 4.2: Coal mining supply system for export market.

max θo =

∑
k∈KKK

ηmk z
m
ko +

∑
r∈RRR

ηbrz
b
ro +

∑
t∈TTT

νpt y
p
to + πmo + πbo + πpo∑

f∈FFF
υmf x

m
fo +

∑
i∈III

υbix
b
io +

∑
s∈SSS

υpsx
p
so +

∑
k∈KKK

ηmk z
m
ko +

∑
r∈RRR

ηbrz
b
ro

(4.44)
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subject to ∑
k∈KKK

ηmk z
m
kj +

∑
r∈RRR

ηbrz
b
rj +

∑
t∈TTT

νpt y
p
tj + πmj + πbj + πpj∑

f∈FFF
υmf x

m
fj +

∑
i∈III

υbix
b
ij +

∑
s∈SSS

υpsx
p
sj +

∑
k∈KKK

ηmk z
m
kj +

∑
r∈RRR

ηbrz
b
rj

∀j ∈ JJJ

(4.45)∑
k∈KKK

ηmk z
m
kj + πmj∑

f∈FFF
υmf x

m
fj

≤ 1 ∀j ∈ JJJ (4.46)

∑
r∈RRR

ηbrz
b
rj + πbj∑

i∈III
υbix

b
ij +

∑
k∈KKK

ηmk z
m
kj

≤ 1 ∀j ∈ JJJ (4.47)

∑
t∈TTT

νpt y
p
tj + πpj∑

s∈SSS
υpsx

p
sj +

∑
r∈RRR

ηbrz
b
rj

≤ 1 ∀j ∈ JJJ (4.48)

∑
f∈FFF

υmf x
m
fj ≥ α ∀j ∈ JJJ (4.49)

∑
i∈III

υbix
b
ij +

∑
k∈KKK

ηmk z
m
kj ≥ α ∀j ∈ JJJ (4.50)

∑
s∈SSS

υpsx
p
sj +

∑
r∈RRR

ηbrz
b
rj ≥ α ∀j ∈ JJJ (4.51)

υmf , η
m
k , υ

b
i , η

b
r, υ

p
s , ν

p
t ,≥ ε (4.52)

πmj , π
b
j , π

p
j are free in sign (4.53)

FP was transformed to LP using the same form as that in the Charnes and Cooper

transformation using the same approach presented in subsection 4.2. The resulting LP model,

after considering the effects of non-discretionary variables, is given in Equations (4.54)–(4.65).

max θo =
∑
k∈KKK

γmk z
m
ko +

∑
r∈RRR

γbrz
b
ro +

∑
t∈TTT

µpt y
p
to −

∑
h∈HHH

ωe
hx

e
ho + umo + ubo + upo (4.54)

subject to

∑
t∈TTT

µpt y
p
tj −

∑
f∈FFF

ωm
f x

m
fj −

∑
i∈III

ωb
ix

b
ij −

∑
s∈SSS

ωp
sx

p
sj −

∑
h∈HHH

ωe
hx

e
hj + umj + ubj + upj ≤ 0 ∀j ∈ JJJ

(4.55)∑
f∈FFF

ωm
f x

m
fo +

∑
i∈III

ωb
ix

b
io +

∑
s∈SSS

ωp
sx

p
so +

∑
k∈KKK

γmk z
m
ko +

∑
r∈RRR

γbrz
b
ro = 1 (4.56)

∑
k∈KKK

γmk z
m
kj −

∑
f∈FFF

ωm
f x

m
fj + umj ≤ 0 ∀j ∈ JJJ (4.57)

Author: Budeba, MD (2016) 63

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

© University of Pretoria 



∑
r∈RRR

γbrz
b
rj −

∑
i∈III

ωb
ix

b
ij −

∑
k∈KKK

γmk z
m
kj + ubj ≤ 0 ∀j ∈ JJJ (4.58)

∑
t∈TTT

µpt y
p
tj −

∑
s∈SSS

ωp
sx

p
sj −

∑
r∈RRR

γbrz
b
rj + upj ≤ 0 ∀j ∈ JJJ (4.59)

∑
f∈FFF

ωm
f x

m
fj ≥ β ∀j ∈ JJJ (4.60)

∑
i∈III

ωb
ix

b
ij +

∑
k∈KKK

γmk z
m
kj ≥ β ∀j ∈ JJJ (4.61)

∑
s∈SSS

ωp
sx

p
sj +

∑
r∈RRR

γbrz
b
rj ≥ β ∀j ∈ JJJ (4.62)

ωe
hj ≥ 0 ∀h ∈HHH, ∀j ∈ JJJ (4.63)

ωm
f , γ

m
k , ω

b
i , γ

m
r , ω

m
s , µ

p
t ,≥ ε (4.64)

umj , u
b
j , u

p
j are free in sign (4.65)

4.5 Local Coal Mine Supply (LCMS) model

The LCMS model is a second special case of the CSLE model. It involves extraction and

the supply of thermal coal to local customers such as power plants that buy coal from the

mine for electricity generation. The output considered in this market is the revenue (US$M)

generated from the quantity of thermal coal sold at the mine mouth.

The model is formulated considering Figure 4.3, which is a subsystem of the CSLE model

indicated in Figure 4.1. In this model, no outputs are generated for use as inputs to another

subsystem, which means that the output tonnage is directly consumed by local customers.

The efficiency of the mine supplying coal to this market is formulated from the definition

given by Equation (4.1).

Figure 4.3: Coal mining supply system for local market.

Each mining supply system j ∈ JJJ only supplies coal to the local market to generate

revenue (US$M). Consider that the mine uses different inputs f ∈ FFF to produce different

outputs g ∈ GGG. Then, the relative technical efficiency of a surface coal mine denoted by the
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DMUo under evaluation is represented by Equations (4.66)–(4.69).

max θo =

∑
g∈GGG

νmg y
m
go + πmo∑

f∈FFF
υmf x

m
fo

(4.66)

subject to∑
g∈GGG

νmg y
m
gj + πmj∑

f∈FFF
υmf x

m
fj

≤ 1 ∀j ∈ JJJ (4.67)

νmg , υmf ≥ 0 (4.68)

πmj is free in sign ∀j ∈ JJJ (4.69)

Transforming from FP to LP according to the Charnes and Cooper transformation gives

Equations (4.70)–(4.74), which consider the influence of non-discretionary variables. The

transformation used is t = 1∑
f∈FFF

υmf x
m
fo

, which gives new weights ω = tυ and µ = tν.

max θo =
∑
g∈GGG

µmg y
m
go −

∑
h∈HHH

ωe
hx

e
ho + umo (4.70)

subject to

∑
g∈GGG

µmg y
m
gj −

∑
h∈HHH

ωe
i x

e
hj + umj ≤ ε ∀j ∈ JJJ (4.71)

∑
f∈FFF

ωm
f x

m
fo = 1 (4.72)

µmg , ωm
f ≥ ε (4.73)

umj is free in sign ∀j ∈ JJJ (4.74)

where um is used to account for the return to scale in the mining operation system, as

elaborated in subsection 4.2. The ε value is a small positive number that is used to ensure

that a DMU with an efficiency score of one must be efficient (Zhu 2008). The model has to

be solved ‖JJJ‖ times, once for each DMU.

4.6 Models for the improvement to the best practices

This section covers the approach to the projection of the inputs to the optimum value for

inefficient DMUs using the CSLE model. It shows the mathematical equations that can be

used to determine the difference between the actual amount of inputs used by the inefficient

mining supply system and the optimum amount of inputs for each variable of the DMU that
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could produce the same outputs. The difference between the actual input and the optimum

amount that could be used to produce the present outputs is referred to as excess input in

this study. In addition to the definitions used in the formulation of the CSLE model, the

following notations are used to explain the equations:

∆xmfj is the magnitude by which excess inputs at the beginning of the extraction subsystem

f ∈ FFF have to be reduced in order to improve the overall efficiency of the coal mining

system i ∈ JJJ .

∆zmkj is the magnitude by which excess intermediate outputs k ∈ KKK have to be reduced in

order to improve the overall efficiency of the coal mining system i ∈ JJJ .

∆xbij is the magnitude by which excess inputs at the beginning of the washing subsystem

i ∈ III have to be reduced in order to improve the overall efficiency of the coal mining

system i ∈ JJJ .

∆zbrj is the magnitude by which excess intermediate outputs r ∈ RRR have to be reduced in

order to improve the overall efficiency of the coal mining system i ∈ JJJ .

∆xpsj is the magnitude by which excess inputs at the beginning of port subsystem s ∈ SSS

have to be reduced in order to improve the overall efficiency of the coal mining system

i ∈ JJJ .

The following equations can be applied to determine the magnitude of excess inputs in the

specific subsystem of the coal mine system:

1. Improvement for inputs in the extraction subsystem

∆xmfj = xmfj − θmj xmfj (4.75)

2. Improvement for inputs in the washing subsystem

∆xbij = xbij − θbjxbij (4.76)

3. Improvement for inputs in the port subsystem

∆xpsj = xpsj − θ
p
jx

p
sj (4.77)

4. Improvement for intermediate outputs

∆zmkj = zmkj − θbjzmkj (4.78)

∆zbrj = zbrj − θ
p
j z

b
rj (4.79)
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For all efficient DMUs, the excess inputs ∆xmfj , ∆zmkj , ∆xbij , ∆zbrj , and ∆xpsj are all zero.

If any of them is greater than zero, then the overall mining supply system becomes inefficient.

Equations (4.75)–(4.77) are used to determine the magnitude of excess usage of the inputs.

An illustration of the computation of the excess inputs for the inefficient DMUs is discussed

in Chapter 5.

4.7 Limitation of the formulated DEA models

The CSLE model and the special case models developed in this chapter have some limitations.

First, the models assume the ratio of linear sum of weighted outputs to the sum weighted

inputs. The expression of total outputs indicates the value function of the outputs, the same

applies to the inputs. This assumption does not account for the nonlinear of the marginal

values for some of outputs or inputs when they exist. For example if there is diminishing of

value function for the increase in output for some variables indicate the presence of nonlin-

earity. In case of the nonlinearity value functions the models require modifications in order

to improve their performance. To consider the nonlinearity among the partial value function

of either total weighted output or inputs, Despotis et al. (2010) propose and discus the use of

the DEA models that accounts for existence of nonlinearity of partial value functions of the

total weighted inputs or outputs which can be adapted and used in the models developed in

this chapter.

Second, the models do not account of the correlation among the inputs or outputs in

determining the technical efficiency for the given set of DMUs. These can influence the

results that will be obtained upon evaluation.

Third, the mathematical models representing the improvement for each subsystems in

Equation (4.79)–(4.75) support the process of decision making. For example the models

show the result of a zero value of improvement for all subsystems when the DMU is efficient

implying nor further improvement is required. But if the DMU is inefficient, the results for

the improvement suggested by the models for each subsystem in a linear function form can

not be directly used. The management is still required to focus on those variables that it can

control and then re-evaluate the efficiency. This stage requires iterative process beginning

with the suggested improvement by these models and then varies either some of inputs or/and

outputs to achieve the improved efficiency of the inefficient DMU.

4.8 Conclusion

Models for measuring the technical efficiency of surface coal mining supply systems were

formulated in this chapter. The models were formulated using the DEA method considering
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the structure of the mining supply system. The structure of the mining supply system used

consisted of extraction, washing, and port subsystems. Each subsystem contributed to the

overall efficiency of the mining supply system. One main model for computing the efficiency

scores of mining supply systems selling coal to both local and export markets, CSLE, was

created and two special-case models for the export market only and the local market only

were presented.

The CSLE model and the special-case models can help a mining supply system do a com-

parative analysis of its competitiveness among the existing producers. This will be achieved

by using the efficiency scores calculated from the models. When the mining supply system

realises that it is inefficient, the controllable variables are managed to improve efficiency. The

models can be applied in the evaluating surface coal mines that have same scope; they use

similar inputs and outputs which can vary in quantity. For example one can use CSLE to

evaluate a group surface coal mines extracting coal, washing and selling to the market con-

sidering that the variables are homogeneous across the mines. To illustrate this for examples

all mines must have equal set of variables such as CAPEX and labour as inputs and tonnages

of coal as outputs.

It should be noted that it is difficult to model each detail of the system, and thus the

focus of this chapter was on the major components of the mining supply system: extraction,

washing, and port subsystems. The data simulated in Chapter 3 will be used to illustrate

the application and evaluation of the performance of the models in Chapter 5.
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Chapter 5

Evaluation of the models for the

technical efficiency of a mine

In this chapter, the application of the Combined System for Local and Export (CSLE) model

and the special-case models developed in Chapter 4 for measuring the technical efficiency of

mining supply systems will be evaluated using the data that were simulated in Chapter 3.

The data will be used in the models to compute the relative efficiency scores for each mining

supply system and its subsystems, including extraction, washing, and port. The resulting

efficiency scores will then be used to identify the best practices, inefficient mining supply

systems, and their corresponding subsystems.

The models will thus show how each mining supply system transforms the inputs into

outputs relative to similar mining supply systems of thermal coal. The efficient mining supply

systems will be those attaining an efficiency score of 1 and the inefficient will be those with

efficiency scores in the range of 0 ≤ θ < 1, where θ is the efficiency score. The mining supply

system will be deemed to exhibit best practices if all its subsystems have an efficiency score

of 1.

Inefficient mining supply systems imply that the company is not competitive, which is

characterized by overuse of their inputs. For example, the use of higher capital than optimal

to deliver the same amount of outputs causes the mining supply system to be inefficient. The

mining management should determine which part of the system and which input variables

need to be optimised to ensure competitiveness and realise the target outputs, such as revenue

from the sale of thermal coal.

The focus of this chapter is twofold. First, it discusses the application of the models,

including the assumptions that were made, it lists the input and output variables, and it

provides the procedure for computing the efficiency scores using a computer program coded

for implementing the models. Secondly, it presents and interprets the results of the evaluation
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of each model.

5.1 Application of the technical efficiency models

The application of the CSLE and special-case models is illustrated using the data provided in

Appendix B.1. The CSLE mining supply systems were solved using the computer program

coded by the candidate using R open source software (R Core Team 2015) and the input from

work that was introduced by Pessanha et al. (2013). The computer program for implementing

the CSLE model is provided in Appendix C. In order to solve the special-case models, the

computer code was modified to conform with the mathematical model representing the

Export Coal Mine Supply (ECMS) and Local Coal Mine Supply (LCMS) models.

The assumptions that were made in evaluating the models for the technical efficiency of

mining supply systems included the following:

• The mines were considered to operate in regions where they are subjected to the same

conditions (conditions such as economics, for example, the price of coal for a specific

quality, and legislation).

• The supply of thermal coal to power plants is done at the mine site. This is known as

mine mouth trading.

• The allowable maximum carbon emission was assumed to be 25000 tonnes of CO2

equivalent per annum (CPA Australia 2011).

• The excess carbon emission charges is US$23/tonne (CPA Australia 2011).

• The port capacity is not a limit to mines producing and supplying thermal coal to

the export market. The capacity can always be expanded to accommodate increasing

numbers of suppliers of coal for the export market.

The variables used to illustrate the application of the models consisted of both discretionary

and non-discretionary variables. These included the inputs and outputs at each subsystem

of the mining supply system, which are shown in Figure 5.1.
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Figure 5.1: Inputs and outputs for computations of efficiency of a mining supply system.

1 The optimum parameters used in solving the models are β = 0.005 for CSLE and

β = 0.05 for ECMS. These parameters represent the minimum weighted inputs for each

subsystem in order for it to operate. The minimum weight value of each input variable in the

models was considered to be ε = 1 × 10−6 (Ramanathan 2003). The procedure for solving

the models is as follows:

1. Prepare the data and import into R software.

2. Load the packages supporting the execution of the computer code. These packages

include lpsolve Berkelaar et al. (2015) for solving linear programming problems and

ggplot2 Wickham (2009), gridExtra Auguie (2015), and grid Murrell (2002) for gen-

erating plots, reshape2 Wickham (2007) for transforming data between wide and long

formats of data frames, stargazer Hlavac (2015) for exporting the results, and others,

as indicated in the computer code developed.

3. Execute the computer programs to solve the models and extract the results of efficiency

scores and graphs for interpretation.

5.2 Results and interpretations

The results obtained after solving the CSLE and special-case models are presented in graph-

ical form. The graphs display the efficiency scores of the mining supply systems and their

1Carbon emission indicated in Figure 5.1 represent the excess emission above the allowable carbon emission

which is considered to be a penalty charged for export coal, since input oriented Data Envelopment Analysis

(DEA) aims at minimizing the inputs while maintaining the present revenue. It also represent input technology

for coal production
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subsystems. The efficiency scores are plotted against each mining supply system, referred to

as a Decision Making Unit (DMU). In addition, comparative analysis of the efficiency scores

for the simulated data and the combined set of data of both simulated and original samples

for the CSLE model are presented. The results for the special-case models are also presented.

5.2.1 Results of efficiency scores for Combined System for Local and Ex-

port (CSLE) model

The results after solving CSLE are shown in Figure 5.2, which shows the efficiency scores

of 58 DMUs ranked from the least efficient score of 0.402 for DMU28 and ending with all

those that are efficient with a score of 1. The results suggest that out of the 58 simulated

mining supply systems evaluated, only 8 were efficient, implying that these DMUs exhibit

‘best practices’ relative to the others. The best practices form the envelope of efficient coal

mining supply systems.

Author: Budeba, MD (2016) 72

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

© University of Pretoria 



1

1

1

1

1

1

1

1

0.999

0.999

0.998

0.998

0.994

0.993

0.991

0.991

0.989

0.987

0.986

0.982

0.98

0.979

0.977

0.977

0.974

0.974

0.974

0.973

0.973

0.971

0.969

0.961

0.956

0.956

0.953

0.919

0.912

0.912

0.854

0.847

0.83

0.829

0.82

0.808

0.802

0.795

0.785

0.77

0.683

0.659

0.649

0.597

0.585

0.571

0.525

0.484

0.462

0.402

0.00

0.25

0.50

0.75

1.00

DMU 5
DMU 6
DMU 16
DMU 38
DMU 58
DMU 21
DMU 24
DMU 22
DMU 54
DMU 19
DMU 20
DMU 31
DMU 56
DMU 42
DMU 35
DMU 26
DMU 18
DMU 47
DMU 57
DMU 17
DMU 45
DMU 50
DMU 49
DMU 53
DMU 15
DMU 14
DMU 27
DMU 40
DMU 8
DMU 1
DMU 25
DMU 10
DMU 29
DMU 23
DMU 30
DMU 39
DMU 34
DMU 3
DMU 13
DMU 52
DMU 33
DMU 4
DMU 55
DMU 41
DMU 43
DMU 44
DMU 36
DMU 12
DMU 11
DMU 7
DMU 32
DMU 9
DMU 51
DMU 37
DMU 2
DMU 46
DMU 48
DMU 28

M
ines

Overall efficiency

Figure 5.2: Overall efficiency scores for each DMU for the CSLE model.

The efficient coal mining supply systems were DMU5, DMU6, DMU16, DMU21, DMU22,

DMU24, DMU38, DMU54, and DMU58. The remaining coal mining supply systems were

inefficient; however, they can improve their efficiency by reducing their inputs and still achieve

their present outputs.

To illustrate the influence of the original samples on the simulated data, the 58 simulated

mining supply systems were combined with the original 7 samples extracted from Raw Ma-

terial Group (RMG) to form 65 DMUs. The efficiency scores of the combined data of DMUs

using the CSLE model are presented in Figure 5.3.
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Figure 5.3: Overall efficiency scores for each DMU for the CSLE model.

The results from Figure 5.3 show that the efficient DMUs remained efficient. Some of

the efficiency scores of the inefficient DMUs slightly decreased, whereas others increased. For

example, the efficient score of DMU28 decreased from 0.402 to 0.401.

Considering the results of the simulated 58 mining supply systems shown in Figure 5.2,

the efficiency scores of the extraction, washing, and port subsystems of all evaluated mining

supply systems are presented in Figures 5.4–5.6 and are discussed below.
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Figure 5.4: Efficiency scores for the extraction subsystem for each DMU of the CSLE model.

Figure 5.4 shows the efficiency scores of the extraction subsystem that were obtained after

solving the models to determine the efficiency scores of the overall system of surface coal mines

producing and supplying coal for the export market. Of 58 coal mining supply systems, only

19 had efficient extraction subsystems: DMU1, DMU4, DMU5, DMU6, DMU10, DMU15,

DMU16, DMU20, DMU21, DMU24, DMU25, DMU30, DMU31, DMU33, DMU38, DMU47,

DMU50, DMU57, and DMU58. The efficient extraction subsystems use minimum Capital

Expenditure (CAPEX) (US$M), stripping ratios (SRs), and number of employees in mining

to achieve the present outputs, including Run-of-Mine (ROM) (Mt/yr) of a given ash (%)

and moisture content (%) and supplying some of the coal tonnage produced to local power

plants.
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Figure 5.5: Efficiency scores for washing subsystem for each DMU of CSLE model.

Figure 5.5 shows the efficiency scores of the washing plant subsystem of each mining

supply system. The results show that only 16 of the 58 coal mining supply systems evaluated

had efficient washing subsystems, i.e., an efficiency score of 1. These subsystems use ROM

(Mt/yr), ash (%), moisture (%), and capacity of the plant (Mt/yr) as part of the overall

coal mine system inputs, and they generate coal tonnage for export. The least efficient is the

washing subsystem of DMU44, with an efficiency score of 19.2%.
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Figure 5.6: Results for port subsystem of each DMU of CSLE.

Figure 5.6 gives the results of the port subsystems of all mining supply systems studied.

The results show 11 DMUs with efficiency scores of 1. These are the only efficient port

subsystems out of all 58 DMUs. The least efficient port subsystems are those for DMU25 and

DMU57, each of which has an efficiency score of 0.803. The efficient DMUs supply optimal

export coal tonnage at an allowable carbon emission limit to generate revenue from the sale

of coal to the export market.

Furthermore, a comparative analysis was done between the efficiency scores of CSLE

using discretionary inputs only and the model using both discretionary and non-discretionary

inputs. It was found that the non-discretionary variables had a very slight effect on efficiency

scores. The reason is suggested to be a slight variation of non-discretionary variables among

the mining systems because they were simulated using data from similar operating conditions,

and thus they may have had slight differences in their non-discretionary variables. The
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maximum deviation of the efficiency scores of the CSLE model with discretionary variables

only from that with combined discretionary and non-discretionary variables was found to be

±5× 10−5.

5.2.2 Results of efficiency scores for Export Coal Mine Supply (ECMS)

model

The evaluation of the application of the ECMS model was done by solving it using 50 simu-

lated coal mining supply systems (see attached Table B.2) that represent surface coal mines

producing and supplying coal to the export market only. The model is a special case of the

CSLE model. The efficiency scores of the overall system for each DMU are presented in

Figure 5.7. The efficiency scores for each subsystems are shown in Figures 5.8–5.10.
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Figure 5.7: Overall efficiency scores of each DMU for the ECMS model.

Figure 5.7 shows the overall efficiency score of each coal mining supply system. The results
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suggest that the efficient DMUs are DMU3, DMU12, DMU15, DMU20, DMU21, DMU25,

DMU29, DMU40, DMU42, DMU43, and DMU48. These are the ones that efficiently use the

optimum quantity of inputs from each of their subsystems.
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Figure 5.8: Efficiency scores for mining subsystem of each DMU of the ECMS model.

The efficiency scores of the extraction subsystem for the ECMS model are indicated in

Figure 5.8. Efficient extraction subsystems were found for DMU2, DMU3, DMU4, DMU11,

DMU12, DMU14, DMU18, DMU20, DMU21, DMU25, DMU26, DMU27, DMU29, DMU37,

DMU40, DMU41, DMU42, DMU43, DMU44, DMU46, and DMU48. These subsystems use min-

imum CAPEX, Stripping Ratio (SR), and number of employees to produce ROM (Mt/yr) of

a given ash (%) and moisture content (%).
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Figure 5.9: Efficiency scores for washing subsystem for each DMU of the ECMS model.

Figure 5.9 shows the efficiency scores for the washing subsystem of the 50 coal mining

supply systems evaluated. The efficiency scores are ranked in decreasing order of magnitude.

It can be seen that the efficient washing subsystems are those with efficiency scores of 1, such

as the washing subsystem of DMU4. The efficient washing subsystem utilizes a minimum

number of inputs as part of the overall inputs of the coal mining supply system to generate

the export tonnage. The inputs to the washing subsystem include ROM (Mt/yr) of a given

moisture (%) and ash content(%) and the capacity of the washing plant (Mt/yr).
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Figure 5.10: Efficiency scores for port subsystem for each DMU of the ECMS model.

Figure 5.10 shows the results for the port subsystem of the 50 DMUs. Of the 50 DMUs, 13

have efficient subsystems with a score of 1. Moreover, the vast majority of the port subsystems

have higher efficiency scores except DMU22 and DMU37, which have low efficiency scores of

0.624 and 0.338, respectively. The efficient port subsystems efficiently export tonnage at a

given specific carbon emission limit to generate revenue from the sale of coal to the export

market.

5.2.3 Results of efficiency scores for the Local Coal Mine Supply (LCMS)

model

The results for the application of the LCMS model are represented in Figure 5.11 through

computation of the efficiency scores of 30 (see Table B.3) simulated DMUs. This is the second

special case of the CSLE model.
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Figure 5.11: Results of DEA efficiency for each DMU ECMS.

Figure 5.11 shows that DMU2, DMU12, DMU19, DMU24, and DMU26 are inefficient

surface coal mines. The remaining 25 DMUs are efficient, with efficiency scores of 1. These

mines use optimal inputs: CAPEX, stripping ratio, and number of employees to generate

revenue from the tonnage of coal sold at the mine mouth to power plants.

5.3 A use case of the models

Decision making in operating or new mining operations require analysis of options. Different

scenarios are evaluated, the evidence and effects of the change are then used to support

management decisions. For example, the report by Ernst Young (2014b) shows that BHP

Billiton for all its operations decided to put on a common management information platform

to improve the operations to the best practices and operational performance by generating

more volume using the available equipment and lowering costs. It was achieved by improving
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availability and utilization of equipment. This reduced controllable cash cost of a total of

US$2.7b in 2013 financial year across the group.

In this research, the CSLE model and the two special-case models have been developed

and illustrations of the applications have been discussed up to this stage. But one would

ask the question ‘so what?’ This can be answered through a use case of the models to

support decision making for the management of mining companies in their operations and in

formulating quantitative benchmarks.

Consider for example DMU12, which appears inefficient among the simulated DMUs that

were evaluated using the CSLE model. This mining supply system had an overall efficiency

score of 0.770. The efficiency of its extraction subsystem was 0.710, that of the washing

subsystem was 0.643, and that of the port subsystem was 0.986. The operating variables of

DMU12 are indicated in Table 5.1. The results of the efficiency scores from the CSLE model

suggest that an overall improvement of 23% is needed to attain the efficiency of the best

practices. What could the management of DMU12 do to improve the efficiency of this mining

supply system?

Table 5.1: Base case discretionary variables of DMU12

Mine Variables Amount

CAPEX (US$M) 631.33

Stripping ratio 7.8

Number of employees in extraction 1024

Number of employees in washing 129

Run-off mine (Mt/yr) 14.8

Ash (%) 15.5

Moisture (%) 13.5

Plant capacity (Mt/yr) 15

Export (Mt/yr) 6.99

Excess carbon emission (Mt/yr) 0.641

Local supply (Mt/yr) 2.0

Revenue from export (US$M) 564.03

Revenue for local supply (US$M) 68.08

Extraction efficiency 0.710

Washing efficiency 0.643

Port efficiency 0.986

Overall efficiency 0.770
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Improving the efficiency of DMU12 requires to vary the controllable variables at the dis-

cretion of the mining management and compute the technical efficiency for each variation.

This is a repetitive process to evalute the improvements. In the improvement process, an in-

put or output cannot be increased or decreased without affecting one or more other variables

of the mining supply system. The inputs are interdependent variables of the mining supply

system, i.e., one output becomes an input into another subsystem.

To help the decision making for DMU12, two options are suggested to the mining man-

agement to improve the efficiency. The first option is to reduce the discretionary inputs while

maintaining the present amount of one or both outputs. The second option is to increase one

or both outputs using the present amount of inputs. The process is iterative, and it requires

management to focus on the variable that can be reduced or increased at their discretion.

The results for the two options are indicated in Table 5.2.

Table 5.2: Options for improving the efficiency of DMU12

Mine variables Base case Option 1 Option 2

CAPEX (US$M) 631.33 631.33 631.33

Stripping ratio 7.8 7.0 7.8

Employees in extraction 1024 650 1024

Employees in plant 129 100 129

Run-off mine (Mt/yr) 14.8 14.8 14.8

Ash (%) 5.5 5.5 5.5

Moisture (%) 13.5 13.5 13.5

Plant capacity (Mt/yr) 15.0 7.2 15.0

Export (Mt/yr) 6.99 6.99 10.0

Excess carbon emission (Mt/yr) 0.641 0.641 0.641

Local supply 2 2 4

Revenue from export (US$M) 564.03 564.03 896.1

Revenue for local supply (US$M) 68.08 68.08 136.2

Extraction efficiency 0.710 0.851 0.624

Washing efficiency 0.643 1.000 1.000

Port efficiency 0.986 0.986 1.000

Overall efficiency 0.770 0.989 0.992

From the results in Table 5.2, the first option suggests retrenchment of the total number of
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403 people, generating mine designs that result in an SR of 7 2, and decreasing the maximum

capacity of the plant to 7.2 Mt/yr. These parameters will increase the overall efficiency of

DMU12 from 0.770 to 0.989 while producing the present revenue of US$564 M.

The second option suggests expanding the mine’s supply of coal to the local and export

markets. The export should increase from 6.99 Mt/yr to 10 Mt/yr and the local output

supply should increase from 2 to 4 Mt/yr. The revenue is expected to increase from US$564

M to US$896.1 M for export and from US$ 68 M to US$136.2 M for local sales. The efficiency

will improve from 0.770 to 0.992.

Comparing the two options, the first option involves retrenching a total of 403 people

from both the extraction section and in the washing plant while achieving the same revenue.

The second option requires the availability of coal demand, which allows for an extra supply

of coal; otherwise, it is becomes difficult to implement this option.

In addition, the above two options are not the only ones. One could vary the controllable

variables and re-evaluate the efficiency scores using the CSLE model. The results would then

be assessed to determine the viability of such options in improving the efficiency of DMU12.

The verification of the models can be done by applying the DEA models and identifying

the real DMUs representing the actual mines, and perform a qualitative check in the report

of their performance for a given period and comparing their technical efficiencies computed

from the model. For example the mines can be inefficient in the times of the events of floods

which affects the use of inputs to generate the target coal outputs. This can be compared

with the results generated by the model to validate the performance of the model.

5.4 Conclusion

The application of the models for measuring the efficiency of mining supply systems of thermal

coal was illustrated in this chapter by using simulated data and computer code developed for

the implementation of the models by the candidate.

All models provided the ability to differentiate between the efficient and inefficient mining

supply systems. The efficient mining supply systems form the envelope of best practices. The

inefficient mining supply systems and the corresponding subsystems can be identified. This

gives an informed decision to identify the inputs and subsystems for the improvement of the

technical efficiency to conform to best practices. Consequently, mine management can use

this approach to identify realistic, quantitative benchmarks to work towards.

2This refers to the process of reducing SR which can be through reviewing the assumption for mine

optimization and improving the design of the mine such as steepening the slope of the pit to attain the

required SR from 7.8 to 7
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In evaluating a new mine, the models require data to be collected from existing producing

mining supply systems and application of the models to compute the efficiency scores of the

new mine, together with those of the existing producers of thermal coal. The resulting

efficiency scores of the new mine can help it to position itself competitively. Moreover, the

use case based on simulated data described in this chapter illustrates how the models can

assist mining management to make decisions about the project.

In case there is insufficient data for computing the efficiency scores or to simulate mining

supply systems to include with the new mine, a predictive model is proposed and will be

developed in Chapter 6 for use in predicting the efficiency scores of new mining supply

systems. Furthermore, a predictive model for the initial selection of the mine production rate

will also be formulated.
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Chapter 6

Predictive modelling of the

efficiency and performance of a

mine

Predictive modelling refers to the process of developing a model that allows us to understand

and quantify the model prediction accuracy for the future when given new data that have not

been seen before (Kuhn and Johnson 2013). The process uses information (data) to specify

the parameters of the model. It involves the use of input variables, known as predictors,

and output variables, referred to as response variables. Two stages are involved in predictive

modelling. The first stage is formulating the model and the second stage is to use data to

estimate the parameters of the model using a supervised learning method known as Ordinary

Least Squares (OLS). The parameters of the model are obtained by minimizing the sum of

the squares error between the actual and estimated values of the response variables.

In this research, two models are proposed and formulated. One is a predictive model for

the technical efficiency of mining supply systems and the second is a predictive model for

initial selection of the production rate of coal mines using predetermined input variables. The

proposed predictive models will serve the purpose of assessing the technical efficiency of a

new mine before commencing operation. The models are developed from the efficiency scores

obtained in Chapter 5 of each mining supply system and their corresponding input variables.

These models can be used in cases where there is an insufficient number of mining supply

systems to include with the new one in the computation of the relative efficiency scores for

competitiveness.
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6.1 Formulation of the technical efficiency predictive model

To formulate the predictive model for the technical efficiency of new mine projects, the input

variables of each subsystem and the non-discretionary variables are used. Consider the data

for 65 Decision Making Units (DMUs) (combined original and simulated mines), each of which

has an efficiency score that is the maximum result obtained by solving the Combined System

for Local and Export (CSLE) model as presented in Section 5.2. The set of efficiency scores

is linearly related to the non-discretionary variables of the mining supply systems using the

OLS method (Xue et al. 1999). In this research, the discretionary variables were combined

with non-discretionary variables for use in OLS. The following assumptions for OLS were

applied (Kurkiewicz et al. 2013):

• There is a linear relationship between the response and predictors. The linearity is in

the regression parameters.

• There is constant variance.

• The errors are normally distributed.

• The errors are independent and have zero mean.

• The response variables are measured without error.

For modelling purposes, the relationship between the inputs and outputs is represented by

Figure 6.1. Consider ϕ(.) to be the function that maps the input variables to the output effi-

ciency scores of a mining supply system j ∈ JJJ . The inputs to the model are the discretionary

and non-discretionary variables and the outputs are the efficiency scores of the overall mining

supply system.

Figure 6.1: Simplified mapping of the inputs and outputs of a DMU.

Six sets of data are used as inputs: extraction, washing, and port subsystems and non-

discretionary variables. All are represented by vector xaj .

Let xaj =
{
xmfj , x

b
ij , x

p
sj , x

e
hj , z

m
kj , z

b
rj

}
where
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xmfj is input variable f ∈ FFF in extraction subsystem (m) for mining supply system j ∈ JJJ .

xbij is input variable i ∈ III in washing subsystem (b) for mining supply system j ∈ JJJ .

xpsj is input variable s ∈ SSS in port subsystem (p) for mining supply system j ∈ JJJ .

zmkj is intermediate input variable k ∈KKK in washing subsystem (b) for mining supply system

j ∈ JJJ .

zbrj is intermediate input variable r ∈ RRR in port operation (p) for mining supply system

j ∈ JJJ .

xehj is non-discretionary input variable h ∈HHH of a mining supply system j ∈ JJJ .

To explain the model, the following notations are used:

θj is the efficiency score of mining supply system j ∈ JJJ obtained from the CSLE model in

Chapter 5.

θ̂j is the estimate of efficiency score θj .

β̂a is the estimate of the model parameter βa.

The formulation of the model is based on minimizing the overall sum of the squares error

between the predicted and observed values of the efficiency scores. Consider εj to represent

the error (residual) between the actual and estimated value of efficiency scores given by

Equation (6.1).

εj = [θj − ϕ(xaj , βa)] (6.1)

where ϕ represents the mean function for estimating the efficiency score θj . The form of

Linear Program (LP) for determining the coefficients of the predictive model of the technical

efficiency is represented by Equations (6.2)–(6.4) (Kong 2007).

min Zj =
∑
j∈n

ε2j (6.2)

subject to

ϕ(xaj , βa) + εj = θj (6.3)

βa ≥ 0 (6.4)

Equation (6.3) for estimating the efficiency score can be represented by equation (6.5).

θj = βo +
∑
j∈n

βaxaj + εj where: a = {1, ...d} and j = {1, ...n} (6.5)
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The dimension of set xaj is n×d, where n is the number of DMUs and d is the total number

of predictor variables. The dimension of βa is d × 1 and the dimension of the residual εj is

n× 1. The matrix form of the Equation (6.5) is as follows:
θ1

θ2

...

θn

 =


1 x11 x12 · · · x1d

1 x21 x22 · · · x2d

...
...

. . .
...

1 xn1 xn2 · · · xnd

×

β0

β1

...

βd

+


ε1

ε2
...

εn


The above matrix can be solved using available software such as R Core Team (2015) by de-

termining the coefficients of the model that minimize the sum of the square errors between the

technical efficiency obtained from the CSLE model and estimates from fitting Equation 6.5.

The efficiency score of each DMU (θj) is dependent on other DMUs because each of them

was computed considering the inputs and outputs of other DMUs using the CSLE model.

These efficiency scores cannot be directly used to specify the model parameters because

one of the assumptions of OLS, which states that the errors in prediction are assumed to be

independent, is violated. In this case, the errors cannot be independent because the efficiency

score (response) variables are dependent on one another. Therefore, using these efficiency

scores without creating independence among them will generate incorrect model parameters

and the specified model may produce incorrect predictions when applied.

To create independent efficiency scores θj to overcome this problem, Xue et al. (1999)

discuss the use of the bootstrap method of sampling of the efficiency scores with replacement,

resulting in independent samples that are then used in ordinary least squares regression.

Therefore, the model that will be used for estimation of the efficiency scores is given by

Equation (6.6).

θ̂j = β̂o + β̂1x1j + β̂2x2j+, ..., β̂axaj (6.6)

where β̂o, β̂1, and β̂2 through β̂a are estimates of the model parameters obtained by applying

the bootstrap technique. They are also the parameters that will give minimum sum of the

square errors of the efficiency score estimates.

6.1.1 Estimation of parameters of technical efficiency model

The method used to estimate the parameters of the model in Equation (6.6) is the bootstrap

approach of the stepwise Akaike Information Criterion (AIC) proposed by Austin and Tu

(2004). It applies a bootstrap resampling technique for automated variable selection methods.

The algorithm for implementing this method is known as bootStepAIC, which was developed

as a package in R software by Rizopoulos (2009). The algorithm selects the most significant
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predictor variables and omits the ones that are not significant by relating them to the technical

efficiency scores as response variables.

To specify the parameters of the predictive model for technical efficiency, the original set

of mining system were combined with the simulated mines to give total of 65 datasets, which

were split into 52 training sets (equivalent to 80%) and 13 test sets (equivalent to 20%).

The process was carried out through random sampling of rows consisting of DMUs and their

variables without replacement of the data. The resulting training sets are given in Table D.1

and test sets in Table D.2. The training sets obtained were used to specify the parameters

of the model using the bootStepAIC package and the test sets were used to evaluate the

performance of the model.

After applying the bootStepAIC package starting with all predictor variables in all sub-

systems of the mining supply systems, the final results are shown in Table 6.1. The results

show predictor variables that are significant at a level of 5% (p < 0.05), which are used to

specify the final model shown by Equation (6.7). The number of mines used for building the

models were 52. The coefficient of determination (R2) suggests that 54.9% of the variability

in technical efficiency scores can be explained by the predictors indicated in Table 6.1. The

resulting Root Mean Square Error (RMSE) is 0.1177. To explain the final model, consider

the following definitions:

A is the ash (%).

R is maximum plant capacity (Mt/yr).

P is the plant employees, this is combined administration and washing employees.

E is export coal tonnage (Mt/yr).

S is the precipitation (mm).

θ̂ = 0.7453 + 0.0105×A− 0.0209×R+ 0.0706× E − 0.0032× P + 0.0001× S (6.7)

6.1.2 Evaluation of the technical predictive model

The evaluation of the predictive model for the technical efficiency of mining supply system

for local sale and export of thermal coal represented by Equation 6.7 was carried out using

the test dataset in Table D.2. The efficiency score of each DMU was re-estimated using

the predictive model. The resulting technical efficiency scores estimated were compared to

the efficiency scores of the test datasets obtained by solving the CSLE model. The input

variables, estimated efficiency scores, and computed efficiency scores from the CSLE model
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Table 6.1: Regression Results

Dependent variable:

Efficiency

Ash 0.0105∗∗∗

(0.0029)

Plant capacity −0.0209∗∗∗

(0.0068)

Export 0.0706∗∗∗

(0.0130)

Plant employees −0.0032∗∗∗

(0.0010)

Precipitation 0.0001∗∗∗

(0.00002)

Constant 0.7453∗∗∗

(0.0641)

Observations 52

R2 0.5488

Adjusted R2 0.4997

Residual Std. Error 0.1177 (df = 46)

F Statistic 11.1900∗∗∗ (df = 5; 46)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

for each DMU are shown in Table 6.2. The predicted efficiency scores were obtained by

substituting the input variables given in Table 6.2 into Equation (6.7).
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Table 6.2: Comparison of CSLE and predicted efficiency scores for test datasets of given

input variables

Mines
Ash
%

Plant
capacity
(Mt/yr)

Export
(Mt/yr)

Precipitation
(mm)

Number
of plant

employees
Efficiency

scores

Predicted
efficiency

scores

DMU 3 13.3 7.8 4.80 683 49 0.9120 0.9555

DMU 15 10.1 4.0 2.30 2121 85 0.9745 0.8167

DMU 19 13.3 1.2 0.58 683 15 0.9988 0.9042

DMU 24 13.3 2.4 0.30 630 10 0.9996 0.8715

DMU 25 10.1 4.0 0.58 688 20 0.9694 0.7965

DMU 29 26.5 6.0 0.58 630 28 0.9561 0.8976

DMU 35 6.0 6.0 4.80 683 41 0.9913 0.9418

DMU 47 5.5 15.0 9.90 2809 154 0.9867 0.9056

DMU 51 6.0 6.0 2.30 688 71 0.5666 0.6697

DMU 55 5.5 11.0 6.99 2905 146 0.8179 0.8164

DMU 58 10.1 1.2 0.30 688 13 1.0000 0.8576

DMU 61 5.5 11.0 9.90 2809 154 0.9917 0.9890

DMU 62 6.0 7.8 6.99 2905 118 0.9714 0.9781

A graphical representation of the comparison between the CSLE computed and the pre-

dicted efficiency scores is shown in Figure 6.2.
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Figure 6.2: Comparison of the predicted and CSLE efficiency scores.

The efficiency scores in Figure 6.2 are presented in increasing order and were obtained

from the CSLE model. DMU55, DMU61, and DMU62 were estimated very well, whereas

DMU58, which appeared to be efficient, was underestimated by 14.3%. Based on the perfor-

mance of the model on the test set, the largest overestimation was 4.35% for DMU3. The

underestimation was 17.29% for DMU25. Therefore, the model can be used to provide an

indication of the efficiency score in a range of ±20%, which can be helpful in the preliminary

stage of a new project.

6.2 Production rate predictive model

To formulate the predictive model for the initial selection of the production rate of a coal

mine operation in this research, the Cobb–Douglas function was used. This function shows
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the relationship between inputs such as capital and labour and the amount of outputs that

can be produced using those inputs.

In mining operations, production studies has been reviewed and illustrated by Shahabi

et al. (2009). These studies were then used to develop production functions using major

factors considering capital and labour force for Iranian mines, including coal, ferrous, lead

and zinc, copper, barite, kaolin, and decorative stones. The authors aimed at studying the

efficient management of the mining sector in Iran. The study suggested that the Cobb–

Douglas function is suitable for estimating the production of the mines, including capital,

labour, research and development costs, and investment ratios as inputs. However, the study

used all mines together to specify the model and did not generate a model for coal-specific

deposits.

In this research, the Cobb–Douglas function was used to develop the predictive model for

the production rate in surface coal mines. It is represented by Equation (6.8). The inputs

into the extraction subsystem of the CSLE model include Capital Expenditure (CAPEX),

number of employees, and Stripping Ratio (SR). The output is the Run-of-Mine (ROM)

(Mt/yr). The regression coefficients in Equation (6.8) and the variables that significantly

explain the production rate will be specified using the OLS method.

log(Qj) = αo +
∑
f∈FFF

αf log(xmfj) + εj (6.8)

where αf is the parameter f ∈ FFF for the model, Qj is the ROM, which represents the

production rate (Mt/yr) of DMU j ∈ JJJ , and xmfj is the input in the extraction subsystem

(m).

6.2.1 Estimation of the parameters of the predictive model for production

rate

The datasets used to estimate the regression coefficients in Equation 6.9 are indicated in

Table D.1. These are the same training datasets used to specify the predictive model for

technical efficiency in subsection 6.1.1. The inputs were used as predictor variables and

ROM was used as the response variable. The bootStepAIC package was also applied in this

case. The parameter estimation process was carried out and the results are given in Table 6.3.

The results suggest that the logarithms of CAPEX, SR, and mining employees are significant

at 5%. The coefficient of determination of R2 = 0.95 suggests that 95% of the variation of

the logarithm of the production rates of data used can be explained by the logarithms of the

CAPEX, SR, and mining employees variables.
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Table 6.3: Regression results

Dependent variable:

log(ROM)

log(CAPEX) 0.0490∗∗

(0.0231)

log(SR) −0.5817∗∗∗

(0.0816)

log(Employees) 1.2020∗∗∗

(0.0459)

Constant −4.6022∗∗∗

(0.2143)

Observations 52

R2 0.9492

Adjusted R2 0.9460

Residual Std. Error 0.2757 (df = 48)

F Statistic 299.0787∗∗∗ (df = 3; 48)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

The number of mining supply systems used for building the models were 52. The coeffi-

cient of determination, R2, suggests that 95% of the variability in technical efficiency scores

can be explained by the predictors indicated in Table 6.3. The resulting RMSE is 0.2757. To

explain the final model, consider the following definitions:

M is the logarithm of estimated employees in mining.

Q is the logarithm of estimated production rate tonnes/year ROM.

S is the logarithm of stripping ratio SR.

C is the logarithm of estimated CAPEX (US$M).

log(Q) = −4.6022 + 0.0490× log(C)− 0.5817× log(S) + 1.2020× log(M) (6.9)

Equation (6.9) represents the general function, which can help in the initial selection of the

production rate for the extraction subsystem of the mining supply system producing coal
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for local and export markets. The resulting production rate should be optimized iteratively

by projecting it using the efficiency scores obtained from the technical efficiency predictive

model given by Equation (6.7).

6.3 A use case of the technical efficiency predictive model

After the formulation of the predictive models, we address the ‘so what?’ question by demon-

strating a use case of the predictive model for technical efficiency in this section. To help the

management of a new mining project make decisions about the operating variables, we use

an example of a simulated mine, DMU35. This DMU was not initially used to specify the

parameters of the predictive model of the technical efficiency. It was used only as a test set,

as indicated in Table 6.2, for which the details are discussed in this section.

Use of the predictive model occurs in cases in which application of the CSLE model is

limited because of insufficient available mine data for computation of the relative technical

efficiency scores of mining supplying systems, including those of new mine projects. The

application of the predictive model to a new project will help the mine position itself com-

petitively based on the variables established by mining management.

The variables of DMU35 are shown in Table 6.4. If the variables indicated in the table

are the estimates established by the mining management that will be implemented during

operation, what will be the mine efficiency for competitiveness?

Table 6.4: Variables of DMU35

Variables Amount

Ash(%) 6.0

Plant capacity(Mt/yr) 6.0

Export(Mt/yr) 4.8

Number of plant employees 41

Precipitation (mm) 683

The efficiency score of DMU35 was computed by substituting the variables given in Ta-

ble 6.4 into Equation (6.7) as follows:

θ̂ = 0.7453 + .0105× 6− 0.0209× 6 + 0.0706× 4.8− 0.0032× 41 + 0.0001× 683.

= 0.9589.

The efficiency score of DMU35 from the predictive model is 0.9589 and that obtained

from the use of the CSLE model for simulated DMUs is 0.9913. The results show that the
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predictive model for technical efficiency generated an error of 0.0324, which represents a

3.24% underestimation of the efficiency score calculated using the CSLE model.

The predicted efficiency score of 0.9589 obtained from the predictive model suggests an

improvement of 4.1% for the mine to be efficient. The mining management can use this effi-

ciency score to reduce the discretionary inputs or increase the value of one or more outputs of

the variables that were initially established, together with some of the discretionary variables

shown in Table 6.4, to estimate its competitiveness. For example, the washing of coal can be

reduced to 5.75% by multiplying the efficiency score by the ash content of 6%.

6.4 Sensitivity analysis of the model parameters

Sensitivity analysis was done in order to understand the uncertainty of the efficiency output

from the predictive model developed in Section 6.1.1. In order to identify the model param-

eters that influences the efficiency, data sets applied for illustration of the use case of the

predictive model for technical efficiency in Section 6.3 are revisited for sensitivity analysis.

The method used in sensitivity analysis of predictive model is by varying one parameter of

the model at a time keeping the other parameters fixed and analysing the result of model

estimates (Hamby 1994). Each parameter was varied from -10% to 10% at an increment of

5% while keeping the other parameters of model constants. The results for the variation of

the each model at a time are presented in Figure 6.3.
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Figure 6.3: Sensitivity analysis of the model parameters.

From Figure 6.3 it can be observed that the most sensitive parameter that influences

the results of efficiency scores is coefficient of export variable. For example varying this

parameter by -10% or 10% from the base case results to respective change of -3.3% and 3.3%

of efficiency score estimates. The predicted efficiency score slightly increase with decrease

of the parameters of estimation for either ash or precipitation in the model when varied by

-10% each parameter at a time and decrease efficiency with their increase from base case

by 10%. On the other hand, the efficiency score slightly decrease with a change of -10%

of parameters of estimation for either plant capacity or employees from the base case and

vice versa. Therefore, the efficiency is sensitive to all parameters but most sensitive to the

parameter of export variable in the model.

6.5 Conclusion

The predictive models formulated can be used to predict technical efficiency scores and to

select the initial production rate of a new surface coal mine. These can be used in cases

in which there is insufficient data for computing the efficiency scores using the CSLE and

special-case models developed in this research.
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The performance of the predictive models are constrained within the data generated from

a conditional simulation of the characteristics of the collected datasets and used to formulate

the models. Simulated data can be used in regression modelling techniques and analysis (Hill

and Malone 2004; Lobell and Burke 2010). The resulting model becomes useful provided

the data generated by the simulation represent the expected real-world characteristics shown

by the samples of the collected dataset.

To use the predictive models, the new mine can estimate their technical inputs first

and then predict the technical efficiency in order to assess whether the mine will attain the

efficiency of the best practice mines once it starts operating. The mining management can

iteratively specify the technical inputs to achieve the desired efficiency.
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Chapter 7

Conclusion

Measuring the technical efficiency of coal mining supply systems makes it possible to deter-

mine the competitiveness of both new and operating surface mines. The evaluation of the

efficiency should be based on a structure that represents the mining supply system in order

to show how the mining supply system uses inputs in its subsystems to generate the desired

outputs. This will help the management of a mining supply system to identify the source of

inefficiency and make improvements to achieve competitiveness in terms of best practices in

producing thermal coal using similar inputs that can vary between producers.

Mine efficiency requires the selection and optimization of technical discretionary input

variables such as capital that the management of the mining supply system can control when

operating under a given set of non-discretionary variables that management cannot control,

such as fixed distance from the market. If the mine is inefficient, it implies the use of extra

inputs such as capital, referred to as over-capitalization, which will lead to financial loss for the

mine project. This risk can be minimized through efficiency measurements and optimization

of the inputs before implementation in the production stage.

The research explored the competitiveness of a surface coal mining supply system pro-

ducing coal for specific markets—export and local, export only, and local only—using the

Data Envelopment Analysis (DEA) method. Furthermore, the research formulated predictive

models that can help evaluate a new mine when insufficient data is available to include with

the new mine. The research provides findings to the questions stated, limitations, and sug-

gests further investigation to improve knowledge of the evaluation of mining supply system

performance and competitiveness of both operating mines and new ones.

7.1 Findings with regard to the research questions

The primary research question stated in Chapter 1, which this thesis intended to answer,

was How can a new surface mine producing thermal coal evaluate its competitiveness rela-
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tive to other operating coal mines considering each mine’s specific variables those that mine

management can control and those it cannot, given a market of thermal coal?

To answer the primary research question, secondary questions were established, which are

reviewed here. The findings from the research are also discussed.

What model representing the structure of the mine coal supply can be used to

measure the relative technical efficiency of a mine considering variables that mine

management can control and those it cannot?

Mathematical models representing the Combined System for Local and Export (CSLE) model

and two special-case models for systems that produce and supply thermal coal to the markets

were formulated in Chapter 4 using the DEA method. The structure of a surface coal mine

production and supply system considered for the CSLE model, consisted of extraction, wash-

ing, and port subsystems. These were used to formulate the models for computing the rela-

tive technical efficiency representing the CSLE model. The two special-case models of CSLE

generated were Export Coal Mine Supply (ECMS) and Local Coal Mine Supply (LCMS),

representing an export structure only and a local supply structure only, respectively.

Mines can use these models to evaluate their technical efficiency relative to that of similar

producers of thermal coal by taking into consideration the influence of discretionary and

non-discretionary variables.

How can it be determined which are best practice surface mines producing thermal

coal given the unique mine variables?

To identify the best-practice mines, the CSLE model and its special-case models were solved

using computer code developed by the candidate, as presented in Appendix C. The computer

code was an implementation of the mathematical model for CSLE. The code used data

simulated for each of the mining supply systems, as discussed in Chapter 3, to computer

the efficiency scores. The results showed the ability of the models to discriminate between

efficient mines, which form the envelope of best practice, and inefficient mines that require

improvement. The results and interpretation of the models and their implications are pre-

sented in Chapter 5. To solve the special-case models, the code was modified to conform

with the mathematical formulations representing them. From the results of the technical effi-

ciency scores, it was found that the best-practice mining supply systems were those that had

efficiency scores of 1 relative to the scores of other mines. These are the mines that had no

further possibility of gaining technical efficiency by reducing their inputs. The best-practice

mines can be used as reference mines by inefficient mines for improvement.

What models can be used for predicting the technical efficiency and performance

of a surface mine producing thermal coal?
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This question was addressed in Chapter 6, in which the predictive models were developed

and explained. The model for predicting the technical efficiency is shown by Equation 6.7,

whereas that for the initial selection of production rate is given by Equation 6.9. The technical

efficiency predictive model was developed from efficiency scores obtained by solving the CSLE

model using both discretionary and non-discretionary simulated input variables, as detailed

in Chapter 5. A new surface coal mine in the real world with characteristics similar to

those of the simulated mines can thus predict its efficiency for competitiveness using the

model in Equation 6.7 in case there is insufficient mine data to relatively position itself

competitively. The predictive model in Equation 6.9 can only be used for the initial selection

of the production rate, which has to be optimized, together with other discretionary variables,

using the efficiency scores obtained for the respective mining supply systems.

7.2 Research contribution

This research contributes the following to scientific knowledge:

• It provides a new perspective on evaluating mine projects as integrated systems consid-

ering the unique variables of the project and determining the optimal levels of inputs

to ensure the efficiency and cost effectiveness of the mine for competitiveness. Thus, it

contributes to the literature on mine projects and performance evaluations.

• Mining companies can use the developed DEA models to evaluate subsidiary mines

supplying coal to the markets. In this way, a mining company can determine the

resources that may need to be supplied to the individual subsidiary project.

• Management can use the DEA models to identify mines that can be used as benchmarks

for an inefficient mine. The models can help choose a good project for investment from

a given list of projects, taking into account their technical efficiency over the investment

period.

• The research generated computer code that can be used by managers of mining supply

systems to evaluate a project’s competitiveness using a preferred set of performance

indicators, in addition to the variables used in this research.

7.3 Suggestions for further research

The research work was done and compiled in Chapters 1 to 6, in which areas that need further

investigation to add to the existing knowledge were identified. These include limitations of

the models and some opportunities for improvement.
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The models were evaluated for surface coal mining supply systems for thermal coal. An

investigation and evaluation of metallurgical coal supply systems are also essential to provide

guidelines for the evaluation of their competitiveness performance. Furthermore, the need

to develop a hybrid model is important. This can apply to parallel operations and supply

systems of both metallurgical and thermal coal. A hybrid DEA model for thermal and

metallurgical coal will help evaluate the efficiency of the supply system relative to others.

The capacity of the port infrastructure for mines producing and exporting coal was as-

sumed to be flexible in terms of expansion in this model. This can be a limitation when

there are more mines supplying coal to a port whose capacity is small and cannot be ex-

panded. Evaluation of the efficiency considering the capacity of the port could indicate that

the efficiency of the port changes with increasing supply of export tonnage. The effect of the

capacity of the port should be investigated considering the inventories of coal stockpiled at

the port as required.

It is a challenge to evaluate a mine that consists of surface extraction and underground

methods operating concurrently. Because the two methods contribute to the mine portfolio

of a combined structure, it is suggested that a model should be developed that can consider a

combined system running both extraction methods to produce and supply coal to the market.

The combined system should consider first the underground method using subsystems such

as extraction for stope operation and hoisting using inputs such as number of employees,

ventilation, and hoisting capacity needed to deliver the coal to the surface and then add

it to the mining subsystems of the surface mine methods discussed in this research. The

development of a model that helps determine the efficiency of the parallel mining systems,

those using both the surface mine method and underground mine operations, needs to be

investigated.

The models formulated in this research can be applied for surface coal mining supply

systems having primary washing plants only. Secondary washing plants were not considered

in the coal mine supply system. It is suggested that the model be extended to include

secondary washing plants of the coal as a subsystem, which will enable evaluation of the

efficiency of mines using primary and secondary washing plants.

Moreover, the research is suggested for large mining companies that consist of subsidiary

mines, such as those mining gold, iron, copper, platinum, and uranium. The research will

help these mining companies assess the efficiency of its subsidiaries and identify those that

require improvement. It can also be used to establish a baseline before making any decisions.

These also are capital-intensive mines, hence the management needs to ensure that the mines

are efficient and cost effective.

In Chapter 6, we formulated predictive models mainly to predict the technical efficiency
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of a new mine when there is insufficient information about other mines to use to determine

the relative efficiency scores. However, both discretionary and non-discretionary variables

could only explain 54.5% of the variation in the technical efficiency, whereas 45.5% remains

unexplained. This suggests a further study to investigate the influence of qualitative variables

that were not investigated in this research, such as the effect of workers’ morale, salary

disputes between the top management and the workers in the mine, as is happening now in

South African mines, and the level of work satisfaction among the members of the production

teams. These can influence production output, which in turn impacts the technical efficiency.

The future work should take into consideration of the safety and environmental impact

on evaluating competitiveness and performance prediction of mining operations. Commu-

nities would like to work with mines that care the safety of their workers and environment

surrounding the mines. This will extend the use and the benefits of the models formulated

in this research.

The assumption of the model on the virtual inputs and output of value function is linear

which gives challenges when dealing with datasets consists of the nonlinearity between some

inputs or outputs with their virtual value functions. There is a need of further investigation

to account of the non-linearity of some partial virtual value functions and their inputs or

outputs in the DEA models developed by this research.

The research has explained the use case of the CSLE model using simulated data from

limited number of real mines, this has illustrated the use of the model to support in decision

making. It is suggested that the further investigation to verify the application of the models

can be done using the identified real mines as Decision Making Units (DMUs) and evaluate

the comparative performance of the models and the actual performance of the mines. This

needs time for the case studies to be conducted.

7.4 Recommendations

The predictive models for technical efficiency and the initial selection of the production rate

should only be used in predictions for mines with characteristics similar to those that were

simulated and used to build the models.

Before carrying out optimisation of the value of the mine project, it is recommended that

the DEA models developed be used to test the competitiveness strategy, which influences

the value of the mine when it is in operation. This will help in choosing parameters such as

effective capital for the project. They can then be used in the optimisation algorithms for

mine valuation based on Net Present Value (NPV).
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Appendix A

Source of data declaration proof

Author: Budeba, MD (2016) 116
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Figure A.1: letter of proof of source of data, source: IntierraRMG (2014)

Author: Budeba, MD (2016) 117

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

© University of Pretoria 



Appendix B

Simulated data for surface coal

mining supply systems

Author: Budeba, MD (2016) 118
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Appendix C

R-code to solve the CSLE models
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Computer program for implementing CSLE- model for
surface coal mines

Mussa Daniel Budeba
09 November 2015

This program represent surface coal mining system supplying thermal coal for both local and export markets.
The program was written in R software.
Step 1. Import the file with data sets.

#Import file with simulated mine data
ExportVRSLE <-read.csv("F:/Research/CSLE/CSLEsim-model58.csv")
View(ExportVRSLE)

Step 2. Reading data from the columns of the dataframe of the data imported in R.

inputsm<-data.frame(ExportVRSLE[c(3,5,6)])
outputsm<-data.frame(ExportVRSLE[c(9,7,8)])
outputsm2<-data.frame(ExportVRSLE[18])
inputsb2<-data.frame(ExportVRSLE[c(10,24)])
outputsb<-data.frame(ExportVRSLE[11])
inputspo<-data.frame(ExportVRSLE[14])
outputspo<-data.frame(ExportVRSLE[15])
N1<-data.frame(ExportVRSLE[4])
N2<-data.frame(ExportVRSLE[19])
N3<-data.frame(ExportVRSLE[20])
N4<-data.frame(ExportVRSLE[23])
vrs0<-data.frame(ExportVRSLE[25])
vrs1<-data.frame(ExportVRSLE[26])
vrs2<-data.frame(ExportVRSLE[27])
vrs3<-data.frame(ExportVRSLE[28])
vrs4<-data.frame(ExportVRSLE[29])
vrs5<-data.frame(ExportVRSLE[30])
N<-dim(ExportVRSLE)[1]
s<-dim(inputsm)[2]
g<-dim(outputsm)[2]
k<-dim(inputsb2)[2]
f<-dim(inputspo)[2]
t<-dim(outputsb)[2]
r<-dim(outputspo)[2]
e<-dim(outputsm2)[2]
x1<-dim(N1)[2]
x2<-dim(N2)[2]
x3<-dim(N3)[2]
x4<-dim(N3)[2]
x<-x1+x2+x3+x4
v<-s+g+k+f+t+r+e
w<-s+g+k+f+t+r+e+x+6

Step 3. Creates the matrices of the input and outputs for CSLE mode, as indicated in the equations formulated
in Chapter 3 of the PhD thesis.
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aux0 <- cbind(-1 * inputsm, 0 * outputsm, outputsm2, 0 * outputsb, -1 * inputsb2, -1 * inputspo,
outputspo, -1 * N1, -1 * N2, -1 * N3, -1 * N4, -1 * vrs0, 1 * vrs1, -1 * vrs2, 1 * vrs3,
-1 * vrs4, 1 * vrs5)

aux1 <- cbind(-1 * inputsm, outputsm, outputsm2, 0 * outputsb, 0 * inputsb2, 0 * inputspo,
0 * outputspo, 0 * N1, 0 * N2, 0 * N3, 0 * N4, -1 * vrs0, 1 * vrs1, 0 * vrs2, 0 * vrs3,
0 * vrs4, 0 * vrs5)

aux2 <- cbind(0 * inputsm, -1 * outputsm, 0 * outputsm2, outputsb, -1 * inputsb2, 0 * inputspo,
0 * outputspo, 0 * N1, 0 * N2, 0 * N3, 0 * N4, 0 * vrs0, 0 * vrs1, -1 * vrs2, 1 * vrs3,
0 * vrs4, 0 * vrs5)

aux3 <- cbind(0 * inputsm, 0 * outputsm, 0 * outputsm2, -1 * outputsb, 0 * inputsb2, -1 * inputspo,
outputspo, 0 * N1, 0 * N2, 0 * N3, 0 * N4, 0 * vrs0, 0 * vrs1, 0 * vrs2, 0 * vrs3, -1 *

vrs4, vrs5)
aux4 <- cbind(inputsm, 0 * outputsm, 0 * outputsm2, 0 * outputsb, 0 * inputsb2, 0 * inputspo,

0 * outputspo, 0 * N1, 0 * N2, 0 * N3, 0 * N4, 0 * vrs0, 0 * vrs1, 0 * vrs2, 0 * vrs3,
0 * vrs4, 0 * vrs5)

aux5 <- cbind(0 * inputsm, outputsm, 0 * outputsm2, 0 * outputsb, inputsb2, 0 * inputspo, 0 *
outputspo, 0 * N1, 0 * N2, 0 * N3, 0 * N4, 0 * vrs0, 0 * vrs1, 0 * vrs2, 0 * vrs3, 0 *
vrs4, 0 * vrs5)

aux6 <- cbind(0 * inputsm, 0 * outputsm, 0 * outputsm2, 1 * outputsb, 0 * inputsb2, 1 * inputspo,
0 * outputspo, 0 * N1, 0 * N2, 0 * N3, 0 * N4, 0 * vrs0, 0 * vrs1, 0 * vrs2, 0 * vrs3,
0 * vrs4, 0 * vrs5)

auxt <- rbind(aux0, aux1, aux2, aux3, aux4, aux5, aux6)

Step 4. Creating a square unit matrix eaquals to the number of variables and combining with the rows of the
above to form overall matrix for computations purposes.

J<-diag(nrow=w)
matc<-as.data.frame(J)
colnames(matc)<-c("CAPEX","SR","Employees","Moisture","ROM","Ash","Drevenue","Export","Cap",

"EmployeesP","CO2Emission","Revenue","Age","Dist.port","Precipitation","Thickness",
"a0","a1","a2","a3","a4","a5")

gh<-matc
aux8<-rbind(auxt,gh)

Step 5. Setting the assignment operators for the equations in the format and size of the matrices in step 3
above.

rhs0<-rep(0,N)
dir0<-rep("<=",N)
rhs1<-rep(0,3*N)
dir1 <-rep("<=",3*N)
dir2<-rep(">=",3*N)
rhs2<-rep(0.005,3*N)
dir3 <-rep(">=",v)
rhs3<-rep(0.000001,v)
dir4 <-rep(">=",x)
rhs4<-rep(0,x)
dir5 <-rep(">=",6)
rhs5<-rep(0,6)
f.dir<-c(dir0,dir1,dir2,dir3,dir4,dir5,"=")
f.rhs<-c(rhs0,rhs1,rhs2,rhs3,rhs4,rhs5,1)

Step 6. Load the package (lpSolve) and formulate the system of equations to implement the compuation of
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efficiency for each DMU with index “i” for the overall system. The systems is composed of the components
shown in step 1-step 4 above.

library("lpSolve")
for (i in 1:N) {

obj<-c(0*inputsm[i,],outputsm[i,],outputsm2[i,],outputsb[i,],0*inputsb2[i,],0*inputspo[i,],
outputspo[i,],-1*N1[i,],-1*N2[i,],-1*N3[i,],-1*N4[i,],-1*vrs0[i,],1*vrs1[i,],
-1*vrs2[i,],1*vrs3[i,],-1*vrs4[i,],1*vrs5[i,])

H<-c(inputsm[i,],outputsm[i,],0*outputsm2[i,],outputsb[i,],inputsb2[i,],inputspo[i,],
0*outputspo[i,],0*N1[i,],0*N2[i,],0*N3[i,],0*N4[i,],0*vrs0[i,],0*vrs1[i,],0*vrs2[i,],
0*vrs3[i,],0*vrs4[i,],0*vrs5[i,])

names(H) <- names(aux8)
f.con <-rbind(aux8,H)
results <-lp("max",obj,f.con,f.dir,f.rhs,scale=1,compute.sens=TRUE)
options(digits=4)
multipliers <-results$solution
options(digits=4)
efficiency <-results$objval
if (i==1) {

weights <-multipliers
effcrs <-efficiency

} else {
weights <-rbind(weights,multipliers)
effcrs <-rbind(effcrs, efficiency)

}
}

Step 7. Extract results for the efficiency scores and multipliers and Writting the optimal weightings in the
external file.

spreadsheet<- cbind(effcrs,weights)
rownames(spreadsheet)<- ExportVRSLE[,1]
colnames(spreadsheet)<- c('efficiency',names(inputsm),names(outputsm),names(outputsm2),

names(outputsb),names(inputsb2),names(inputspo),names(outputspo),
names(N1),names(N2),names(N3),names(N4),names(vrs0),names(vrs1),
names(vrs2),names(vrs3),names(vrs4),names(vrs5))

write.csv(spreadsheet,"resultscrs.csv")

Step 8. Solving the efficiency scores of mining subsystem for each DMU.

Xin<--1*aux1[,1:3]
names(Xin) <- NULL
inputsmx<-as.matrix(Xin)
Yout<-aux1[,c(4,5,6,7,17,18)]
names(Yout) <- NULL
outputsmY<-as.matrix(Yout)
X<-0
Y<-0
EFmgvrs<-0
for (i in 1:N){

X[i]<-t(inputsmx[i,])%*%weights[i,1:3]
Y[i]<-t(outputsmY[i,])%*%weights[i,c(4,5,6,7,17,18)]
EFmgvrs[i]<-Y[i]/X[i]}
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Step 9. Solving the efficiency scores of washing subsystem for each DMU.

Xinb<--1*aux2[,c(4,5,6,9,10)]
names(Xinb) <- NULL
inputsmxb<-as.matrix(Xinb)
Youtb<-aux2[,c(8,19,20)]
names(Youtb) <- NULL
outputsmYb<-as.matrix(Youtb)
Xb<-0
Yb<-0
EFbgvrs<-0
for (i in 1:N){

Xb[i]<-t(inputsmxb[i,])%*%weights[i,c(4,5,6,9,10)]
Yb[i]<-t(outputsmYb[i,])%*%weights[i,c(8,19,20)]
EFbgvrs[i]<-Yb[i]/Xb[i]}

Step 10. Solving the efficiency of port subsystem for each DMU.

Xinp<--1*aux3[,c(8,11)]
names(Xinp) <- NULL
inputsmxp<-as.matrix(Xinp)
Youtp<-aux3[,c(12,21,22)]
names(Youtp) <- NULL
outputsmYp<-as.matrix(Youtp)
Xp<-0
Yp<-0
EFpgvrs<-0
for (i in 1:N){

Xp[i]<-t(inputsmxp[i,])%*%weights[i,c(8,11)]
Yp[i]<-t(outputsmYp[i,])%*%weights[i,c(12,21,22)]
EFpgvrs[i]<-Yp[i]/Xp[i]}

Step 11. Generating plots of the efficiency scores for CSLE system and its subsystems.

library("ggplot2")
library("gridExtra")
library("grid")
EFF_F <- ggplot(resultsct, aes(x = Mines, y = Efficiency)) + geom_bar(width = 0.6,

fill = "skyblue", stat = "identity") + geom_text(aes(label = round(Efficiency,
3)), vjust = 0, size = 2.8, angle = 90) + theme(axis.text.x = element_text(angle = 90,
vjust = -0.1)) + ylab("Overall Efficiency") + scale_y_continuous(expand = c(0,
0.02))

CSLE1 <- ggplot(EFM_CSLE1, aes(x = Mines, y = EFmgvrs)) + geom_bar(width = 0.6,
fill = "skyblue", stat = "identity") + geom_text(aes(label = round(EFmgvrs,
3)), vjust = 0, size = 2.8, angle = 90) + theme(axis.text.x = element_text(angle = 90,
vjust = -0.1)) + ylab("Extraction Efficiency") + scale_y_continuous(expand = c(0,
0.02))

CSLE2 <- ggplot(EFM_CSLE2, aes(x = Mines, y = EFbgvrs)) + geom_bar(width = 0.6,
fill = "skyblue", stat = "identity") + geom_text(aes(label = round(EFbgvrs,
3)), vjust = 0, size = 2.8, angle = 90) + theme(axis.text.x = element_text(angle = 90,
vjust = -0.1)) + ylab("Washing Efficiency") + scale_y_continuous(expand = c(0,
0.02))

CSLE3 <- ggplot(EFM_CSLE3, aes(x = Mines, y = EFpgvrs)) + geom_bar(width = 0.6,
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fill = "skyblue", stat = "identity") + geom_text(aes(label = round(EFpgvrs,
3)), vjust = 0, size = 2.8, angle = 90) + theme(axis.text.x = element_text(angle = 90,
vjust = -0.1)) + ylab("Port Efficiency") + scale_y_continuous(expand = c(0,
0.02))

EEoverall1 <- grid.arrange(EFF_F, ncol = 1)

EEoverall2 <- grid.arrange(CSLE1, ncol = 1)

EEoverall3 <- grid.arrange(CSLE2, ncol = 1)

EEoverall4 <- grid.arrange(CSLE3, ncol = 1)
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Appendix D

Training and test data sets for

predictive modelling

Author: Budeba, MD (2016) 137
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