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ABSTRACT

Mineral Resources are extracted using surface or underground mining methods to
generate maximum economic value for the mining company extracting the resources.
The objective of value maximisation necessitates the development and application of
optimisation algorithms that will ensure maximum value is realised. Several algorithms
have been developed to solve the value optimisation problem for near surface
deposits. Examples of these algorithms include the Lerch-Grossman algorithm and
dynamic programming. It has been observed by some researchers that the study on
open pit mine geometry optimisation has reached saturation levels as there are many
algorithms that can produce a ‘guaranteed optimal solution’. However, the
underground geometry optimisation problem remains largely unsolved due to its
complexity, thus, there are limited algorithms developed for it. This thesis was
therefore, undertaken to contribute to the few existing algorithms for underground
geometry optimisation by developing a more versatile algorithm in handling variable
stope boundaries and it is a dual interchange algorithm (DIA) that works by combining

the strengths of two existing generic algorithms.

Once an appropriate underground mining method has been selected to extract a
mineral deposit, mine planners need to generate optimal layouts for development and
infrastructure, stope and production schedules that incorporate equipment selection,
which are solved as optimisation problems. These problems introduce a circular logic
which introduces complexity in deciding on which part of the optimisation problem
should be the starting point. In this study, the stope layout optimisation problem was
selected as the starting point because when optimising for development layout,
production schedule and equipment selection, the spatial position of the stopes to be
extracted is one of the constraints.

The DIA was developed by incorporating the principles of the particle swarm
optimisation (PSO) algorithm and genetic algorithm (GA). The PSO algorithm was
applied for the stope layout optimisation problem to exploit its strength for solving the
problem in three-dimensional (3D) space to generate feasible solutions. The GA was
used to optimise the stope layout in each level since its evolution capabilities are well-

suited for stope layout optimisation. Since metaheuristic-based algorithms also do not



guarantee true optimality, the DIA exploited the strengths of both PSO and GA to
generate superior solutions in 3D space.

The DIA was then coded in Python programming language because it is simple to
code in Python language and the execution of the code is much faster compared to
other programming languages. The DIA was tested using a synthetic Platreef reef
mineral deposit where a resource model was used as an input and then converted to
an economic block model using economic parameters. The Platreef deposit is a
platinum group elements (PGEs) deposit which is amenable to extraction using bulk
(or massive) mining methods such as longhole stoping, making it an ideal candidate
for stope boundary optimisation. Thereafter, the DIA generated several solutions and
selected the one with a maximum value as the optimum solution. The results of the
algorithm were validated using the Mineable Shape Optimizer (MSO) available in the

commercial Datamine software.

Different scenarios were used to demonstrate the performance of the DIA in different
mining scenarios. Two Scenarios A and C considered a fixed stope width, while
Scenarios B and D considered a variable stope width to better reflect variable orebody
boundaries or contours as encountered in actual mining practice. The DIA generated
superior results compared to the MSO where the stope layout economic value
solutions for Scenarios A, B and D were 0.3%, 3.4% and 8.3% more profitable than
those generated by the MSO, while the MSO generated a solution that was 9.7% more
profitable than DIA for Scenario C. The undiscounted economic value was used as a
proxy since the study is on stope boundary optimisation, it does not include stope
production scheduling. The DIA produced superior results because its architecture is
such that it is best suited for variable stope width of the orebody. The solutions of the
MSO were generated in much shorter run times than those of the DIA. This is alluded
to the fact the MSO creates a single solution, while the DIA generates several solutions
during the optimisation process. It is recommended that the DIA could be adapted and
applied to other mineral resource models to maximise the economic value of the

respective mining projects.
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1 INTRODUCTION

1.1 Overview of Chapter 1

Chapter 1 provides background information about the importance of applying optimisation
techniqgues to maximise the economic value of a mineral deposit. This chapter also
discusses the different complexity levels when optimising open pit limits in surface mining
and stope boundaries in underground mining. The problem statement and objectives of the

research study are also presented.

1.2 Optimisation of surface and underground mine designs

Natural resources which include Mineral Resources, play an important role in the economic
development of many countries globally. Mineral Resources are extracted using surface or
underground mining methods. There are various phases involved in the mining process
forming a value chain, i.e., exploration; orebody modelling; mining method selection; mine
development/construction; ore extraction and transportation; beneficiation; marketing and
distribution; and rehabilitation. Each activity in the mining value chain must add value to the
chain of activities to generate value for the mining entity. The activities sometimes involve

trade-offs to be made between business processes to optimise the value chain.

The objective of generating maximum value necessitates the development and application
of optimisation algorithms or techniques. Optimisation is the act of reaching the best
possible result under some defined circumstances (Astolfi, 2006). The appropriate
optimisation technique depends on the type of mining method amenable to the mineral
deposit. The techniques applied when exploiting mineral deposits using surface mining
methods differ from those applied in underground mining methods. The main driver of these
differences is the number of options available for the extraction of a certain block of ground
under defined constraints. The following sections discuss the different challenges

experienced when extracting a block of ground using either of the mining methods.

1.2.1. Surface mine design optimisation

There are several algorithms developed to optimise open pit limits in surface mining and
these are, inter alia, the Lerchs-Grossman (LG) algorithm, Korobov’s algorithm and

dynamic programming (DP) (Ataee-Pour, 2000). In general, there are numerous options for
1



the removal of a certain mining block in open pit mining. The LG algorithm assumes that
the open pit is mined in both sideways and downward directions. The sideway direction is
limited by the slope angle. The depth of the pit is limited by economics of mining the block
of ground on the it row and j" column, measured by using a block economic value (BEV),
shown as Bjj in Figure 1.1. The economic value is derived by subtracting from the revenue
generated all costs associated with extraction, processing and selling of the mineral
recovered from the block of ground. If Bj<0, then a negative value is generated as the cost
to recover the mineral is greater than the revenue, thus, it should be classified as waste.
When B;jj=0, the cost to recover mineral is equal to the revenue generated, thus the block
is a marginal block. Where Bij>0, the block is treated as ore since its extraction results in

net profit (Musingwini, 2016).

Figure 1.1 depicts a two-dimensional (2D) schematic view of an open pit configuration,
which is in an xy plane, that demonstrates the simplicity of mining a block of ground in an
open pit operation. The block model consists of 54 blocks, distributed as contiguous blocks
in a pattern of nine blocks along the x-axis and six blocks along the y-axis. In open pit
mining, a block cannot be mined without mining all the blocks above it. Nonetheless, for a
given slope angle constraint dictated by geotechnical requirements, there is only one option
for mining a certain block. If the slope angle constraint is 45°, there is only one optimum
unique inverted cone for the removal of block Bij;, which is the shaded area in Figure 1.1. A

different optimum solution can be generated only if the slope angle is changed.
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Figure 1.1 Two-dimensional view of the geometry for an open pit

1.2.2. Underground mine design optimisation

When applying underground mining methods there are numerous possible options for the
extraction of a certain block (Sandanayake, 2014). For an illustration, assume that sub-level
stoping is a suitable method for ore extraction. Sub-level stoping is an underground mining
method that is classified as self-supporting and requires a lot of pre-development. The
required development is located inside the orebody; thus, it can generate revenue. For ore
extraction, large cavities are created which are called stopes. Workers do not access these
stopes; however, sub-levels are developed at regular intervals for drilling and blasting
purposes.

According to Musingwini (2016), to generate an optimal stope layout, various mining blocks
with block economic value, Bi, must be combined. The BEV is based on the principle that
the economic value of a block is equivalent to the revenue realised from selling the metal
content recovered from the block minus all the costs associated with extracting the block,
processing, and refining the metal from the ore to be prepared for sale. The combination of

these economic blocks must not violate the physical mining and geotechnical constraints
3



to generate a stope layout that maximises the economic value of a mineral deposit. The
decision whether a block is included in the final stope layout requires that all possible
combinations be evaluated for variable stope sizes and pillars. These possible
combinations are evaluated from thousands of mining blocks to obtain maximum value.
This requirement results in computational complexity in the stope boundary optimisation

problem.

For example, assume that a stope size is limited to three-by-three blocks both along the x-
axis and y-axis. Figure 1.2 illustrates that there are nine possible solutions to extract the
mining block with a BEV of Bjj, indicated as stopes 1 to 9. Nonetheless, a mining block can
only belong to one stope, thus, the mine planner must manually select one stope that will
be part of the final stope layout. The requirement for a manual manipulation by the mine
planner cannot guarantee optimality. When the stope size is increased to 4 by 4 blocks, the
candidate mining block with a BEV of Bjj becomes part of 16 possible stope combinations.
Therefore, as the stope size increases, the number of stope combinations increases
exponentially resulting in a more complex stope layout optimisation problem (Musingwini,
2016).

iy o
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Figure 1.2 Two-dimensional view of the geometry for an underground stope

(b)

There are limited optimisation algorithms and techniques that have been developed for
underground mining. Consequently, there is a need for the development of algorithms that
will yield an ‘optimum’ solution in underground mine planning. The techniques include those
that have been used to generate stope boundaries. However, all these models fail to

generate satisfactory optimal solutions in three-dimensional (3D) space, which has the xyz



dimensions. Therefore, there is a need for improvement in the optimisation of stope layouts

if truly optimal underground mine designs are to be realised in the mining industry.

1.3 Problem statement

To sustain or expand production in mining operations, there should be continuous
investment. Mining projects require intensive capital injection with long payback periods,
thus, investing in the mining business can be very risky. Therefore, a small improvement in
the mining value chain can lessen the risk on invested capital (Nhleko and Musingwini,
2016; Sens, 2011). To enhance the competitiveness of the industry, mine designs produced
must be optimum. However, it is more complex to optimise underground mining operations,
as the limitations are greater due to physical geotechnical and geological requirements as
discussed earlier in Sections 1.2.1 and 1.2.2. Few attempts have been made to generate
optimum stope layouts for underground mines. None of these approaches have been able
to guarantee optimum solutions in 3D space due to the complexity of the stope boundary

optimisation problem, as discussed earlier.

After the exploration phase, data collected is analysed and interpreted using geostatistical
modelling techniques to produce an orebody model. The orebody model is delineated into
thousands of mining blocks in 3D space each with assigned grade values. The grade values
depend on the type of the orebody being modelled, for instance gold and copper will be in
grams per tonne (g/t) and percentage (%), respectively. The geological information will
inform the type of mining to be adopted whether surface or underground mining.
Consequently, the appropriate mining method is selected. It is now that mine planners can
commence with the generation of optimal layouts for development and infrastructure, stope

and production schedules.

The generation of an optimal stope layout revolves around selecting a combination of
numerous mining blocks. The economic viability of each block is determined using certain
parameters as input into the mine planning process. These parameters include, inter alia,
the commodity price, mining cost, transportation cost, processing cost and marketing cost.
Determination of an optimum stope layout is important as it is used as an input into the

production scheduling formulation.



Using a sub-optimum stope layout as an input into the formulation of production schedules
could result in unrealistic expectations being incorporated into the schedules, subsequently,
having a negative impact on both the life of mine (LOM) and maximisation of the stope
layout economic value (SLEV). Development of underground stopes requires the
consideration of physical, geological, and geotechnical constraints. These include the
hanging wall and footwall angles, size of mining equipment, extent of primary development
for accessing the stopes, and size and dip of the orebody. These parameters affect the
design of the dimensions of the stopes. Optimisation at each of the stages in the mining
process is critical to ensure adequate utilisation of the Mineral Resources and reduction of
operating cost. Mining operations are concerned with the optimisation of the mine geometry
as it plays an important role in improving production efficiency of the overall mine (Atee-
Pour, 2000; Bai, 2013; Sandanayake, 2014).

It is improbable to extract a mining block of high-grade ore without some level of dilution
due to extraction of waste blocks. Extraction of waste blocks will result in additional costs
being incurred and if adequate care is not exercised, might lead to a negative SLEV.
Consequently, a viable mining project might be abandoned or shelved. On the other hand,
a combination of ore and waste blocks may yield a positive SLEV given attributable or

applicable geotechnical constraints.

Most optimisation techniques fall under two broad categories namely, exact methods and
heuristic approaches. Exact methods are rigorous approaches that generate optimum
solutions within reasonable time for application in solving mining optimisation problems only
when applied on a panel or a section of the orebody. Exact methods can also produce
optimum solutions in 3D space. However, solution time increases exponentially for large-
scale block models and may not generate feasible solutions. Heuristic algorithms can
produce stope layouts in 3D but can fail to produce details of the ultimate mining layout
such as the location of panels. Hence, these techniques have not been able to yield
‘optimum’ stope boundary solutions. Therefore, this study aimed to develop an algorithm
that is a dual interchange algorithm (DIA) to overcome the weaknesses while incorporating
strengths of each method adopted. This leads to the question: “Can a dual interchange
algorithm be developed to generate an improved optimal underground mining stope
boundary solution in 3D space given applicable physical and geotechnical mining

constraints?”



1.4 Research objectives

This study is aimed at developing an algorithm for stope boundary optimisation for
underground mines to maximise the SLEV. This was achieved through incorporating the
strengths of two metaheuristic approaches. However, it should be noted that optimisation
of development and production scheduling play equally significant roles in the success of a
mining project as does stope layout. The newly developed algorithm comprises of the
characteristics of the particle swarm optimisation (PSO) and genetic algorithm (GA) which
are metaheuristic techniques. The objectives of this study were to:

e Develop an algorithm that yields a guaranteed optimum stope layout in 3D to

ensure that orebody expectations included in production scheduling are realistic.

¢ Implement the proposed algorithm on a synthetic orebody to test its robustness.

e Maximise the SLEV for the selected orebody model.

e Validate the algorithm by testing its robustness against an existing software-based

algorithm to ascertain if there is value added to the existing knowledge.

1.5 Project background

The study used block model data which is amenable to the longhole stoping mining method.
A synthetic block model was compiled using data from the Platreef deposit in the Northern
Limb of the Bushveld Complex in South Africa. This data source was selected because of
the availability of data necessary for orebody modelling. The longhole stoping mining
method was selected because the Northern Limb platinum group element (PGE) deposit is
amenable to this mining method for extraction. The Platreef mineralisation comprises
PGEs, gold, copper, and nickel. The thickness of the reef varies from a few metres to a few
hundred metres (McCutcheon, 2012). The main reason for choosing this project area is that
there are several platinum mines being planned for the Northern Limb, thus, making it a

‘future’ area of platinum mining in South Africa.

1.6 Significance and relevance

Numerous algorithms have been developed for optimisation of open pit limits because the
direction of mining is downward and outward to the pit limits resulting in fewer permutations.
On the contrary, there has been little focus directed to the optimisation of the underground
mine design, especially the stope layout, globally. Alford (1995) developed the floating
stope algorithm, and it was incorporated into the Mineable Shape Optimizer (MSO) module
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in Datamine commercial software. The Stope Limit Optimiser (SLO), which is a non-
commercial software tool was developed for the implementation of the 3D Maximum Value
Neighbourhood (MVN) algorithm (Ataee-Pour, 2006). Sens and Topal (2009) developed a
heuristic approach that eliminates overlapping stopes in the solution as encountered with
the floating stope algorithm. However, stopes are selected in order of the mine planner’s
preference, such as, from maximum to minimum economic values. Therefore, consideration
of all possible solutions is violated, thus, it cannot guarantee generation of optimal solutions
(Erdogan et al., 2016). The existing algorithms can produce approximate solutions.
However, none of these algorithms guarantees generation of a true optimum solution for

the 3D stope boundary optimisation problem.

1.7 Thesis overview

This thesis comprises of six chapters which are outlined as follows:

e Chapter 1 presented the overview of underground stope layout optimisation; outlined
the purpose of the research and objectives of the study.

e Chapter 2 provides a review of previous research work on stope boundary
optimisation and other related research work to date and provides justification for a
DIA.

e Chapter 3 discusses the methodology followed to develop the DIA and to validate its
robustness.

e Chapter 4 presents a detailed background on the construction of the DIA, and the
constraints considered for the optimisation problem.

e Chapter 5 presents the implementation results of the proposed algorithm using the
synthetic Platreef deposit. Furthermore, it includes the validation process for the
algorithm that was developed by comparing with existing algorithms.

e Chapter 6 presents the outcomes of the study, scrutinises the performance of the

algorithm and provides recommendations for future research work.



2 LITERATURE REVIEW ON STOPE BOUNDARY OPTIMISATION

2.1 Overview of Chapter 2

Chapter 2 discusses different operations research (OR) techniques commonly used in the
mining industry for optimisation. These OR techniques can be categorised under exact and
heuristic algorithms. Additionally, heuristic algorithms that have been applied to maximise

the economic value of mineral deposits are evaluated and contrasted.

2.2 Optimisation in the mining industry

A ‘good’ optimisation model must empower mine planners to produce mine designs and
production schedules that yield a high net present value (NPV); and longer life of mine
(Dimitrakopoulos, 2011). Some of the main considerations during mine design are flexibility
of the design and riskiness of the project. The mine planner must perform risk analysis of
the project on different parameters such as commodity price and grade to inform mitigating
measures that must be put in place. A good mine plan must be flexible to accommodate
the cyclical nature of commodity prices as encountered in the mining industry. According to
Musingwini (2016), the circular logic requires fragmenting the underground optimisation
problem into broad sub-problems, which are development and infrastructure placement;
stope boundary and layout definition; equipment selection and deployment; and production
scheduling (Figure 2.1).

The objective of the optimisation problem is to maximise the NPV of the mine plan through
optimising development and stope layouts. However, development and stope layouts
cannot be produced without knowing the production costs and cut-off grade. On the other
hand, production costs and cut-off grade are unknown until mining layout and production
scheduling have been determined. However, the latter two parameters cannot be
determined unless the optimum mining method and production capacity are known. The
mining method to be used can be selected by using several methods such as the multi-
criteria decision making (MCDM) method. The MCDM method is usually applied when
decisions require several criteria to be considered simultaneously. Mining method selection
is also dependent on pre-determined production capacity (Musingwini, 2016). Circular logic
presents complexity in knowing which part of the four optimisation sub-problems should be

regarded as a starting point. Erdogan et al. (2016) argued that stope boundary optimisation
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might be regarded as a starting point in a full optimisation process when optimisation of

development and production schedule are taken into consideration.
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Figure 2.1 Circular logic of underground mine optimisation
Source: Adapted from Musingwini (2016)

Several studies have been conducted focusing on underground mine development and
production scheduling optimisation (Sens and Topal, 2009; Topal and Sens, 2010;
Sandanayake, 2014), but only a few on stope boundary optimisation. Thus, this study is
based on stope boundary optimisation to augment knowledge in this area. After exploration,
the data collected are analysed and used to represent the orebody in 3D space through
orebody modelling and subsequently generating geological block models. The geological
block models are utilised to generate stope layouts. The stope layout is then used to
optimise production schedules (Dimitrakopolous, 2011). However, most of the estimation
techniques and approaches for mine planning have a common drawback in failing to
guarantee true optimality in 3D space (Ataee-Pour, 2000; Sandanayake, 2014). Hence, this
study gave more attention to optimisation in 3D space.

Most of the estimation techniques and traditional approaches to mine planning have a
common disadvantage, which is failure to account for in-situ spatial variability. This failure
cannot be ignored, if ignored; it may lead to unrealistic production expectations
(Dimitrakopouls, 2011). There are geostatistical estimation methods that are used to
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produce an orebody model with a high level of confidence. Geological uncertainty is outside
the scope of this research study as the research focus is premised on a geological orebody

model with a high level of confidence.

Mining optimisation techniques have been applied to solve mining problems since the
1960s. These techniques revolutionised surface mine design and production scheduling.
For example, for pit limit optimisation, there are commercial packages including those that
implement the widely used moving cone and Lerchs-Grossmann algorithms (Topal and
Sens, 2010; Sandanayake, 2014). Ataee-Pour (2000) stated that the study of pit geometry
optimisation has probably reached saturation levels, since there are many algorithms using
a range of techniques to produce a ‘guaranteed optimal solution’. On the contrary,
underground stope optimisation remains a major challenge due to a lack of suitable
algorithms to address underground mining optimisation problems (Sandanayake, 2014).

Operations Research (OR) techniques have been used in the mining industry to address
optimisation problems. OR techniques are scientific decision-making tools for solving
management problems by selecting the best solution from possible alternative solutions.
The goal of OR is optimisation in the utilisation of scarce resources. Optimisation can take
the form of maximisation (e.g., profit); minimisation (e.g., cost) or a combination of both
maximisation and minimisation such as in the case of multi-objective optimisation problems.
This study aimed at developing an algorithm that can maximise the economic value of a
mining project because economic value is the best proxy for value measurement for a
mining project extracting polymetallic commodities. Additionally, most optimisation

algorithms use economic value as the proxy for value measurement.

Optimisation models include, amongst others, Linear Programming (LP); Integer
Programming (IP); Mixed Integer Linear Programming (MILP) or Mixed Integer
Programming (MIP); GA and PSO. There have been several algorithms that have been
developed and implemented to solve the stope layout optimisation problem. Sandanayake
et al. (2015) and Ataee-Pour (2000; 2005a) classified these algorithms as either exact or
heuristic. Exact (rigorous) algorithms are supported by mathematical proof and include
dynamic programming; branch and bound technique; downstream geostatistical approach;
and network flow method. Exact methods are usually partial based, in other words, they are
used to optimise a panel or a section of the orebody. When the problem to be optimised is

considered in 3D space (i.e., the entire orebody) or when panels and levels are combined,
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optimality is violated, thus, failing to guarantee true optimality. Heuristic algorithms are used
to solve the problem based on defined rules confining the search region for the optimal
stope layout (Ataee-Pour, 2005a; Little, 2012).

Heuristic algorithms can be applied to optimise the entire orebody, and some provide a 3D
analysis of the problem. However, Ataee-Pour (2005a) emphasised that these techniques
do not give adequate details of the ultimate mining layout such as the location of the levels
and panels. Nonetheless, they are suitable for the long-term or conceptual planning phase
where little details are known. Examples of heuristic algorithms include the octree division
algorithm; floating stope algorithm; Sens and Topal heuristic approach; and Maximum
Value Neighbourhood (MVN) algorithm.

Sandanayake et al. (2015) stated that heuristic approaches offer better solutions to the
stope layout optimisation relative to exact methods. This statement is true in respect of
solution time since heuristic algorithms do not guarantee optimal solutions while exact
methods can generate optimum stope layout solutions. Artificial intelligence (Al)
approaches have not been widely used in the optimisation of stope layouts. The examples
of artificial intelligence approaches are GAs and Artificial Neural Network (ANN)
approaches. The main drawback of these algorithms is their inability to yield optimal results.
The GA is not a true optimisation method but can be applied to obtain a solution even

though this may not be optimal.

Producing an optimal stope layout to maximise the economic value of a mine subject to
physical and geotechnical constraints is a complex challenge with currently no known
solution (Bai, 2013; Sandanayake, 2014). The complexity is because there are numerous
variables to be considered in defining a stope such as stope dimensions, geotechnical
constraints, and footwall and hanging wall slope angles. In some models, as the number of
variables increase, the solution times increase exponentially (Table 2.1). This limits their
applications to only simple orebodies with fewer variables. As can be seen from Table 2.1
more comprehensive optimisation techniques such as the Sandanayake and Topal
approach have solution times that are in the order of several hours, since they incorporate
more variables and complexity of orebodies as encountered in actual mining practice. Such
order of magnitude of solution times will be seen later in Section 5.6 in Chapter 5 of this
thesis because the DIA attempts to address conditions encountered in actual mining

practice.
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Table 2.1 Solution times for various optimisation techniques
Source: Erdogan et al. (2016)

Technique Constraint(s) Number of stopes Solution times
generated [
Floating stope algorithm Stope dimension N/A (envelopes) 00:02:13
Mine shape optimiser Stope dimension, pillar 41 00:00:50
dimension

MVN algorithm Stope dimension 18 00:01:56
Sens and Topal approach | Stope dimension 66 00:00:12
Sandanayake and Topal | Stope dimension, mining 64 05:17:00
approach level optimisation

Some of the stope optimisation techniques can produce optimum stopes in one-
dimensional (1D) and 2D spaces. Simplification of the problem to 1D and/or 2D
configurations reduces the complexity of the optimisation problem but results in unrealistic
solutions as not all geotechnical constraints are incorporated. The desired solution should
be in 3D, however, the challenge with real 3D stope definition is that the techniques:

e Are basically heuristic.

e Cannot directly incorporate geotechnical constraints.

As a result, the mining engineer must manually adjust the stope layout solution to obtain a
feasible stope layout. This is subject to the experience of the engineer and violates
optimality of the stope layout. The key optimisation techniques that are commonly used in

the mining industry for stope layout optimisation are briefly discussed in the next sections.

2.3 Exact methods

This section presents a review of exact methods that are commonly used in stope boundary
optimisation and describes their advantages and disadvantages. The exact methods
considered are the mixed integer programming-based models, branch and bound

approach, downstream geostatistical approach, and dynamic programing.
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2.3.1 Mixed integer programming-based models

MIP is the combination of linear programming and integer programming techniques to
define feasible solutions. The application of MIP has been in areas that include
transportation scheduling, distribution of goods to production planning in manufacturing
(Salama et al., 2014) and production scheduling in mining (open pit and underground).
Grieco and Dimitrakopoulos (2007) developed a mathematical probabilistic mixed integer
programming (MIP) model to determine stope and pillar designs based on grade uncertainty
and predefined levels of acceptable risk. The orebody was regularised into mineable rings,
assumed to have incorporated the major geotechnical and production constraints. These
rings were assigned binary variables in the MIP model. The probabilistic algorithm

optimises the stope design based on the following process (Figure 2.2):

¢ Divide the orebody into a series of layers.
e Subdivide each layer into panels (stopes).
e Further, subdivide each panel into a series of mining rings (blocks).

e Assign each ring to a binary variable in the MIP model.

The objective function is to maximise the metal content extracted. The model considers
geological uncertainty during stope design that limits the minimum, maximum mining rings,
and the size of pillars to be left unmined. Based on the minimum and maximum allowable
stope size, it determines the number of rings a stope will encompass. Therefore, the
optimum stope layout is generated based on the rings that are defined relative to the
position and size of the most profitable stopes. However, this algorithm does not ensure
precise examination of stopes in different locations of the orebody. The performance is
directly proportional to the number of binary variables; thus, the solution time increases as

the number of rings increases (Little, 2012; Sandanayake, 2014).
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Figure 2.2 Components of required orebody model

Source: Adapted from Grieco and Dimitrakopoulos (2007)

2.3.2 Branch and bound approach for stope boundary optimisation

The branch and bound approach creates an optimum stope boundary by optimising the
starting and ending points of each row of blocks. To facilitate the integration of constraints
such as stope length, a mixed integer approach known as Type-Two Special Ordered Set
is introduced. The objective of this algorithm is to identify the start and end locations for
mining given stope dimensions. This objective is realised by the application of the two
piecewise linear, cumulative functions for each row. The first function accounts for all the
blocks with positive BEVs to be included in the stope boundary along the row, whereas the
second function deals with blocks with negative BEVs to be excluded from the stope
boundary. Therefore, the difference between these two functions is the sum of all the block
values lying between start and finish locations (Ataee-Pour, 2000; Little, 2012;
Sandanayake, 2014). Figure 2.3 shows a typical cumulative economic value function of the
blocks with seven mining blocks. The algorithm applies the set stope dimension values to
locate the optimal start and end positions. The blocks are spaced 15m apart and the

15



economic value for each block is indicated inside the cell. Figure 2.4 depicts a typical

cumulative block value function for each sequential block position.
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Figure 2.3 Row of economic value blocks
Source: Adapted from Ataee-Pour (2000)

Cumulative block value function

40

35
&

o 30
=

225
X
8

5 20
2

E 15
=7

£10
]
O

5

0

0 15 30 45 80 75 90 105
Block position (m)

Figure 2.4 Cumulative value function of blocks in the row
Source: Adapted from Ataee-Pour (2000)

Application of this technique is limited to simple orebodies that can be modelled in 1D space
along the mining direction. It ignores the slope of the stope walls as one of the constraints.
Solving mixed integer programming problems is time consuming when working with large
number of blocks. It should be noted that this approach only provides true optimality in 1D
space (Ataee-Pour, 2000; Bai, 2013; Sandanayake, 2014).

2.3.3 Dynamic programming algorithm

The DP algorithm is utilised to solve complex problems by breaking them down into simpler
sub-problems. DP has been used to define stope layouts for operations using the block
caving mining method. DP assumes that there is no footwall region, and that maximum
profit is obtained. Consequently, the region is separated by a footwall and all possible
combinations of the mining and non-mining areas are examined. If the value generated is

greater than or equal to the assumed maximum profit when there was no footwall, the
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process is applied again, but to the second areas divided by the footwall. This procedure is
repeated until there are no more profitable footwall cases or there is no feasible footwall to
introduce (Ataee-Pour, 2000; Little, 2012; Sandanayake, 2014). DP is a widely used
approach because it allows the creation of solutions sequentially (Newman et al., 2010).

DP has been used to solve complex problems through a recursive approach. DP problems
are solved through forward pass and backward pass algorithms. For the forward pass
approach a recursion formula is applied to each stage and the transitory optimum is saved
in memory. At the end, a backward pass traces back the path leading to the optimal solution.
The general recursion formula is depicted in Equation 2.1. The dynamic process is optimally
laid out such that the optimality of the solution is not dependent on the position of the
starting point. For instance, if the process is set to begin at a known stage, n, the layout of
the process will be optimally laid out regardless of the choice to enter the beginning stage,

n. Figure 2.5 shows an optimal solution to a maximisation problem where S; > S, > S;.

fn=0pt{fn—1+gn} 21

Where:

opt is either maximisation or minimisation.

fn is the function value at point n which is the given/known stage.
fan—1 is the function value on a previous consecutive point n-1.

In is the return from moving from n-1 to n.

Stage 1 Stage 2 Stage 3 Stage 4

Figure 2.5 Optimal selection for a maximisation problem using DP

Source: Adapted from Musingwini (2016)

DP provides optimum stope layouts in 2D space. Sections of the orebody can be optimised
when combining the optimum 2D sections to form a 3D stope boundary. However, it should
be noted that with such a simplification the stope constraints can be violated, and optimality

is not guaranteed in 3D.
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2.3.4 Downstream geostatistical approach

The downstream geostatistical approach uses mathematical morphology operations such
as opening and closing, to manipulate a 2D block model image. Figure 2.6 shows where
mathematical morphology was used to impose the stope geometry, to the ore-waste images
for the transformation of the images. Thereafter, conditional simulation was combined with
underground mining simulation to compare selectivity, productivity and profitability of three
mining methods. The mining methods that were used are sub-level stoping; cut and fill; and
mixed sub-level stoping. This approach is based on constructing a numerical model of the
orebody and defining the outlines of the mineable mineral resource for these mining
methods. The geometrical constraints for the three mining methods are depicted in Figure
2.6. This approach can also generate a 3D solution; however, it does not consider the
economic profit of the block as its morphological operations control the geometry (Ataee-
Pour, 2000; Bai, 2013; Little, 2012). Therefore, it cannot ensure optimality as it only satisfies

the stope geometry not in conjunction with profitability of the stope.
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Figure 2.6 Geometrical constraints for three mining methods
Source: Ataee-Pour (2000)

18



2.4 Heuristic algorithms

Various heuristic algorithms have been developed to optimise stope boundaries. These
algorithms include the floating stope, multiple-pass floating stope, maximum value
neighbourhood, octree division, Sens and Topal heuristic approach, simulated annealing,
and particle swarm optimisation. The next sections explain how some of these heuristic

algorithms have been applied to optimise stope boundaries.

2.4.1 Floating stope algorithm

Alford (1995) developed the floating stope algorithm, and it is incorporated into the MSO
module in the Datamine commercial software. The floating stope algorithm suggests the
stope boundaries for economically mineable ore within the geological block model. The
algorithm specifies the minimum stope dimensions. Then it floats the stope in the orebody
relative to the origin in defined float increments in three orthogonal directions. The process
starts by specifying a cut-off grade to separate ore and waste blocks and the targeted head
grade is specified for a stope. The algorithm then determines if any block above cut-off
grade can be included in the stope that meets the set head grade. The challenge is that
there are several stopes under which a specific block can be assigned, however, the block

will be assigned in the stope with highest head grade (Ataee-Pour, 2000).

The process of floating the stope shape in the block model may lead to the definition of two
envelopes, (i.e., inner and outer envelopes). An inner envelope is composed of all blocks
above the cut-off grade, and it is the union of the best grade stope shapes. An outer
envelope may be defined by all blocks above cut-off grade; it is the union of all possible
stope positions for each block (Figure 2.7). The final stope design depends on the input by
the mine planner. However, it should be close to the inner envelope as far as practicably

possible and lie within the outer envelope (Little, 2012).
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Figure 2.7 Inner and outer envelopes for a single stope

The main disadvantage of using this algorithm is that it suggests a domain of good stope
layouts within a range as opposed to exact layouts. It may generate uneconomical stopes
by combining two overlapping stopes that share mining blocks that are uneconomical,
therefore, requiring manual adjustments to exclude the shared blocks from the final stope
layout. It does not consider the slope of stope walls as one of the constraints. Therefore,
this algorithm does not guarantee an optimal solution to the stope layout challenge
(Sandanayake, 2014).

2.4.2 Multiple-pass floating stope process

The multiple-pass floating stope is an extension of the floating stope and allows more
envelopes to be generated by employing a multiple optimisation process. This process is
executed through the following steps (Sandanayake, 2014):
e Defining the input parameters such as head grade, cut-off grade and maximum
waste.
e File generation where economic stope envelopes are created for each set of
parameters.
¢ File management where data files or statistical files are converted into a Microsoft

Excel compatible (csv) format.

This process provides the mine planning engineer with extra information when deciding on
the best stope layouts. The problem with this algorithm is that it does not eliminate the
shortcomings of the floating stope algorithm (Little, 2012; Sandanayake, 2014).
Consequently, it cannot guarantee an optimal stope layout solution.
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2.4.3 Maximum value neighbourhood algorithm

Ataee-Pour (2000) developed the MVN algorithm assuming the floating stope premise. The
MVN is based on the principle that only the neighbourhood block set with maximum value
of interest in all possible neighbour sets will be selected. The size of neighbour sets is
constrained by the minimum stope dimension. Consequently, the selective combination of
best neighbour sets of all blocks yields an ‘optimal’ stope layout. The SLO, which is a non-
commercial software tool has been developed for the implementation of the 3D MVN
algorithm (Ataee-Pour, 2006).

A hypothetical example of how the MVN algorithm works when applied to a one-dimensional

block model is illustrated in Figure 2.8. This example consists of a row of seven blocks

assigned with block economic values labelled a-g for reference.
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Assume a minimum stope size of three blocks

a b ¢ d e f g
5

-2 |1 |4 |3 -1
Step 1: Start constructing the neighbourhood from block a but it is negative and
the algorithm moves to the next block;
Step 2: Feasible neighbourhood for block b is evaluated and maximum value
selected;
i 2101 14 Mesghbourhood value is: -2+1+4=3
ii. 1 4 3 Meighbourhood value is: 1+4+3=8

Meighbourhood i is selected as the MVN for block & and blocks ¢ and d are flagged
along with block b.
Step 3: Move to the fifth block as blocks ¢ and d are flagged, thus, feasible

neighbourheod of block e is evaluated;

1 3 2 5 Meghbourhood value 1s; 3+2+5=10

I 2 5 |-1 Meighbourhood value is: 2+5-1=6

Block e is flagged and neighbourhood / is selected as it has the highest value. Blocks

d and f are flagged along with block e. thus, feasible neighbourhood of block g is

evaluated in step 4.

Step 4: Block g violates the minimum stope size constraint, therefore, the
algorithm terminates; and

Step 5: The final stope layout consist of the flagged blocks as indicated below
with hatches.

Meighbourhood if from step 2

[ |
2011413251

|

|
MNeighbourhood / from step 3

Figure 2.8 Hypothetical example of the MVN algorithm
Source: Adapted from Sandanayake (2014)
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In this algorithm, negative blocks, flagged blocks or blocks where the maximum
neighbourhood value is negative are excluded during calculation. The example yielded two
MVNs comprising of blocks b, ¢, d, e and f. This stope layout solution is not practical for
mining purposes. For instance, if solution i in Step 2 was selected, mining of block b would
not be possible as it violates the minimum stope size constraint. Similarly, if solution /i in
Step 3 was selected, mining of block f would have been impossible considering the
minimum stope size constraint. According to Sandanayake (2014), this algorithm generates
different solutions depending on the starting point, thus it fails to guarantee the best solution
for the stope optimisation problem.

The shortcomings of the MVN algorithm are that (Little, 2012; Bai, 2013; Sandanayake,
2014):
e The starting location of evaluation alters the set of stope layouts generated.
e Blocks examined earlier in the process are given preferential treatment in the stope
layout.
e It does not factor in the cost of mining size of the stope selected, but only individual
blocks. However, bigger stopes can provide less cost per tonne compared to small
stopes, thus, changing the selected neighbourhood.

¢ [t does not consider the stope wall slope constraints.

The MVN algorithm is based on a simple concept and provides ease of computational
implementation. However, the shortcomings indicate that it cannot ensure that the best
solution is obtained.

2.4.4 Octree division algorithm

The octree division approach produces a geometrical object of the orebody. Subsequently,
it transforms it into Mineral Reserves by applying geometric constraints such as working
space dimensions and economic constraints. The algorithm collects the geological data and
builds a geological block model. It identifies Mineral Reserves based on economic
evaluations and then determines the mining sequence. The Mineral Reserves are divided
into sub-volumes for further evaluations. If the mineral content and/or the dimensions of the
sub-volume violates the set constraints, the sub-volumes are removed from the model.
Figure 2.9(a) depicts the block division into eight sub-volumes, while Figure 2.9(b) shows

the removal of a block that violates the constraints of the algorithm (Sandanayake, 2014).
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Figure 2.9 (a) Octree division algorithm (b) Removal of sub-volumes

Source: Sandanayake (2014)

These sub-volumes are assessed based on the following instructions:

e Remove any sub-volume that does not contain a mineralised vein but satisfies the
constraints.

e Store in the mineable block any sub-volume that has the minimum allowable stope
size or has all the mineralised vein.

¢ Divide into eight equal sub-volumes any sub-volume containing a proportion of the
mineralised vein, i.e., the sub-volume is located partly inside the ore and partly
outside the ore and does not have the minimum allowable stope dimension.

e Terminate the algorithm when all sub-volumes have been evaluated.

This approach can generate 3D stopes but includes unnecessary waste in the layout as it
cannot analyse sub-volumes jointly. Blocks with minimum dimensions irrespective of the
quantity of ore contained are also included in the final stope layout. This approach does not
guarantee an optimum stope layout (Ataee-Pour, 2000; Bai, 2013; Little, 2012;
Sandanayake, 2014).
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2.4.5 Sens and Topal heuristic approach

The Sens and Topal heuristic approach converts the mining blocks to a regularised block
model such as the block model constituting of mining blocks with consistent sizes.
Consequently, stopes constrained by the block heights, lengths and widths are generated
from the regularised economic block model. After stopes generation, the algorithm is
implemented in Matlab software based on the economic value of the stopes. Matlab is used
because of its ability to evaluate multidimensional arrays. The results obtained from Matlab
are visualised with respect to different user-defined parameters. These results can be
visualised using Minesight software (Erdogan et al., 2016; Sandanayake, 2014).

The advantage of this approach is that it can locate stope boundaries using different stope
sizes and selection strategies in 3D. However, it selects stopes in descending order of the
economic values of the stope set, while, eliminating overlapping stopes. Therefore, it
eliminates the possibility of multiple stope combinations that can be derived from a given
stope set. In some of the combinations, there may be combinations with higher total
economic value (Sandanayake, 2014). Therefore, these shortcomings result in optimality

being violated.

Figure 2.10 explains the problem with Sens and Topal approach by using a hypothetical
situation. This approach selected a combination of Stopes 1 and 2 with a total economic
value of 15. However, the most profitable combination of stopes is given by Stopes 3 and
4 with a total economic value of 17. This example shows that this approach to select stopes
combination in descending order of economic value while discarding overlapping stopes

does not guarantee generation of an optimum solution.
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Figure 2.10 Hypothetical 2D application of Sens and Topal heuristic approach

Source: Sandanayake (2014)
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2.4.6 Network flow algorithm

Bai (2013) developed an algorithm to optimize stope design for the sub-level stoping
method based on a cylindrical coordinate system defined around an initial vertical raise.
The algorithm considers hanging wall and footwall slope angle and stope width during the
optimisation process. The selection of a block for inclusion into the stope is subject to the

following additional constraints:

e Maximum distance of the block from the raise.

e Horizontal width required to bring the outermost block to the raise.
The algorithm optimises the stope boundary through the following steps (Bai, 2013):

e Specify the initial location of the vertical raise.

e Define a cylindrical coordinate system (r, 6, z) centred around the specified raise
location, see Figure 2.11(a).

e Establish a linkage between economic blocks subject to the constraints (i.e., hanging
wall and footwall slope, and stope width constraints).

e Construct a graph using vertical arcs for the set constraints, see Figure 2.11(b).

e Select a block that maximises the stope value subject to the additional constraints.

The algorithm was validated using the floating stope algorithm and it obtained better results.

However, this algorithm is limited to sub-level stoping and small-mineralised orebodies.

Figure 2.11 Network flow algorithm principle
Source: Bai (2013)
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2.4.7 Sandanayake’s heuristic algorithm

Sandanayake (2014) developed an algorithm to optimise stope designs. The algorithm
converts an irregular geological block model into a regularised geological block model;
consequently, converting it to an economic block model. The algorithm defines the stope
size in terms of number of economic blocks that constitute a stope in the x, y, and z-axes.
Figure 2.12 illustrates a hypothetical stope size, i.e., 2 x 3 x 2 blocks along the x, y and z-
axes, respectively. The defined stope size is floated within the economic block model along
the axes to identify all stopes that maximise the stope value (Figure 2.13). The algorithm
generates numerous solutions containing several stopes that are non-overlapping. The

solution with the highest economic value is selected as the optimum stope layout.

~_ 3 blocks

\ 4 12 blocks

f/

Figure 2.12 Stope size with blocks along the x, y, and z-axes

Source: Sandanayake (2014)
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Figure 2.13 Stope generation process

Source: Sandanayake (2014)

2.4.8 Particle swarm optimisation algorithm

The PSO algorithm is a heuristic global optimisation algorithm, which is inspired by the
behavioural nature of bird flocks and fish schools (Alam, 2016; Bai, 2010). When birds are
searching for food, they either are scattered or flock together. One bird can smell food better
than others can, that is, the bird with better resource information. The birds are constantly
transmitting information, while searching for food from one place to another. Therefore, the
birds will ultimately flock to the place where food can be found. In relation to the particle
swarm optimisation technique, solution swarm is the bird swarm, and the movement of birds
from one place to another is the development of the solution swarm. Good information
transmitted is equal to the most optimistic solution, and the food resource is like the most
optimistic solution during the whole course. The most optimistic solution can be realised by

the cooperation of each individual particle (Nhleko and Musingwini, 2019).

In the PSO algorithm, each particle modifies its position according to its current position, its
current velocity, the distance between its current position and personal best (Pbest), and
the distance between its current position and global best (Gbest) position. Therefore, the

PSO can be used to solve the stope boundary optimisation problem in 3D. The PSO can
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be used to optimise SLEV in the long term (Gbest) whilst optimising the profit in the short
term (Pbest) for a mining project. Mathematically, particles in the swarm are manipulated

based on Equations 2.2 and 2.3:
vl = vk + o rf(Pbestt, — xK) + c,r¥ (Gbestk — xk,) 2.2

xrt =k 4+ vl 2.3

The parameters v, and x¥, separately represent the speed of the particle i at its k times
and the d-dimension of its position. The speed of the particle is set to control the particle
from being far away from the search space, thus, the speed and direction are confined
between these parameters. If the speed values are too big the solution will be far from the
global best while too small speed values result in the solution being trapped in local optima.
The parameter Pbest{‘d is the d-dimension quantity of the individual i at its most optimistic
position at its k times. The parameter Gbest¥ is the d-dimension of the swarm at its most

optimistic position at k times (Nhleko and Musingwini, 2019).

The coefficients c¢; and ¢, are the acceleration coefficients, which represent the rate at
which speed changes, regulating the length when flying to the most optimist individual
particle and to the most optimistic particle of the whole swarm. If the coefficient is too small,
a particle may be too far away from the target field, whereas a big coefficient value that is
too big may cause a particle to fly to the target field suddenly or fly beyond the target field.
The figures of c;and ¢, can control the speed of the particles flying in the target field; hence,
the solution will not be a partial optimisation solution. Usually, ¢, is equal to ¢, and they are
both equal to two (2). The coefficients r; and r, are random factors between 0 and 1
(Nhleko and Musingwini, 2019).

Different combinations of the PSO input parameters may lead to a slower convergence rate
or non-convergence. Thus, it is important that an appropriate combination of these
parameters is selected to achieve best convergence. The velocity update, position update
and objective function evaluation calculations are iterated until a desired stopping criterion
is achieved. In each iteration, the last step is the position update. The position of each
particle is updated using its velocity vector as shown in Equation 2.2 and illustrated in Figure
2.14. The parameter p' represents the best position of the particle i in current and all
previous moves. The parameter p,f is the position of the particle with the best global fitness

at current move k.
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Figure 2.14 Particle velocity and position update in PSO
Source: Hassan et al. (2005)

The PSO algorithm can be used to solve complex optimisation problems such as the stope
layout optimisation problem (Bai, 2010). The PSO algorithm is increasing in its use because
it is easy to implement and requires a few particles to be tuned. The PSO algorithm does
not guarantee an optimal solution (Kennedy and Eberhart, 1995; Kok and Lane, 2012), but
is more applicable in a 3D space such as in the stope boundary optimisation problem.

2.4.9 The 3D approximate hybrid algorithm

Nikbin et al. (2018) developed a 3D approximate hybrid algorithm which is a combination
of the DP and greedy algorithms for underground stope boundary optimisation. The 3D
optimisation problem is converted to a 1D sub-problem by converting the 2D subsets of the
economic block model into single blocks. Thereafter, the DP algorithm is applied to
generate a set of solutions for the optimal boundaries of the 1D sub-problem. The best
solution is selected based on the greedy approach criterion. Thereafter, the corresponding
blocks to the selected solution are added to the initial 3D problem solution (Nikbin et al.,
2018).

The algorithm optimisation solution was validated against the floating stope algorithm, MVN
algorithm and greedy algorithm solutions. It produced superior results compared to the
other three algorithms. However, the algorithm does not guarantee a true optimum solution

but generates a better solution (Nikbin et al., 2018).

30



2.5 Comparison of commonly used stope optimisation algorithms

Table 2.2 depicts a comparison among the commonly used stope optimisation algorithms.
Most of the algorithms considered the stope dimension as a geometric constraint, whereas
factors like hanging wall and footwall angles were considered in the DP, network flow and
the geostatistical approach. It is evident that most of the heuristic approaches only
considered the stope dimension as the constraint. However, most other factors that will
have an impact on the optimality of each stope geometry were not considered. These
parameters include, inter alia, the stope walls accounting for rock strength, in-situ stress

tensor, and local structures such as faults and dykes.
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Table 2.2 Comparison of exact and heuristic stope optimisation algorithms

Source: Adapted from Nhleko and Musingwini (2017)

Algorithm Classification Mining Dimension Optimisation Geometric constraints True
method(s) limitation criteria optimality
MIF based algorithm Exact All D Metal content Grade uncertainty, number of rings, | Mo
pillar size
Branch and bound Exact All 1D Economic value Stope dimension (stope length) Yes
Dynamic programming Exact Block caving 2D Economic value Stope dimension; draw control Mo
Downstream geostatistical approach Exact Cut-and-fill; 2D Geometry Stope  dimension; hanging  wall, | Mo
sub-level footwall slope angle
stoping
Floating stope Heuristic Al 3D Economic value Stope dimension Mo
Multiple-pass floating stope Heuristic All b Economic value Stope dimension Mo
Maximum value neighbourhood Heuristic Al 3D Economic value Stope dimension, mining level Mo
Octree division Heuristic Al 3D Gradefvein Stope dimension, economic | Mo
consiraints
Sens & Topal approach Heuristic Sub-level 3D Economic value Stope dimension Mo
stoping
Metwork flow algorithm Heuristic Sub-level 3D Gradefeconomic Footwall angle, hanging wall angle, | Mo
stoping value distance from raise cenireline and
horizontal width
Sandanayake Heuristic Sub-level 3D Economic value Stope dimension, pillar separation | Mo
stoping and level location
Hybrid algaorithm Hybrid Sub-level 3D Economic value Stope dimension Mo
stoping

32



There are several metaheuristic algorithms that have been applied to optimise various
problems. These algorithms have their own shortcomings ranging from unstable
convergence to being unsuitable for handling complex problems. Table 2.3 presents
the main shortcomings of other metaheuristic algorithms. Ezugwu et al. (2020)
compared the performance of various metaheuristic algorithms and concluded that the
DE, PSO and GA algorithms outperformed the other algorithms according to the
computed percentage success ratio metrics used. Furthermore, the PSO and GA
required a smaller number of function evaluations to reach an optimum solution.
Therefore, the PSO and GA have a potential to solve the complex stope boundary
optimisation problem in 3D space. Other benefits of using the PSO and GA are that

they are easy to implement in 3D and simple to code in Python language.
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Table 2.3 Main shortcomings of some common metaheuristic algorithms

Source: Nhleko and Musingwini (2019); Ezugwu et al. (2020); Mulani and Desai (2018); Rivera Letelier (2021)

Algorithm

Disadvantages

Ant colony optimisation (ACO)

ACO is challenging in theory because it is premised on structures of random decisions of distinct artificial ants. ACO gets trapped in local optima when it reaches a stagnant

phase, and the solution cannot be recovered without modifying its parameters.

Artificial bee colony algorithm
(ABC)

ABC has a premature convergence in the later stage of its search and the best value may not be high enough to meet the objective function.

Bat algorithm (BA)

The standard BA cannot efficiently handle discrete optimisation problems.

Cuckoo search (CS)

CS has low convergence rate, unstable convergence, and generates low solution accuracy.

Differential evolution (DE)

DE has unstable convergence and easily get trapped in local optima. In DE, applying the same parameter values may not produce the global best solution.

Firefly algorithm (FFA)

FFA is not suitable for handling complex problems because it can easily be trapped in local optima. Introducing diversification in FFA results in reduced search speed and

low convergence rate.

Flower pollination algorithm (FPA)

FPA easily gets trapped in local optima and has a slow convergence rate and low precision.

Genetic algorithm (GA)

GA does not have a standard method for defining a good fitness function thus care must be exercised when defining the objective function because generating best

solutions depends on it.

Invasive weed optimisation (IWO)

IWO is effective in solving problems with large search spaces because a larger number of seeds must be applied to each plant to examine the whole search space, thus

exponentially increasing the computation time.

Particle swarm optimisation (PSO)

In PSO, different combination of parameters may lead to slower convergence rate or non-convergence at all. Therefore, appropriate combination of parameter values must

be selected to achieve best convergence.

Simulated Annealing (SA)

The major shortcoming of the SA is that it is difficult to assess the quality of the solution and the time to generate an ‘optimal’ solution can be too long.

Symbiotic organisms search

It does not require any specific parameters; thus, the optimisation process may be time consuming because it only relies on iterative performance.

Tabu Search (TS)

TS has several tunable parameters, and it is difficult to find the correct parameters for a specific optimisation problem. In addition, the TS requires a high number of iterations

which leads to high computational time if the number of constraints considered is also large.

Toposort

The Toposort algorithm sorts blocks in topological order. However, if there are many possible topological orderings available, it needs an ‘optimal’ solution of the LP
relaxation to guide the sorting process. The LP relaxation optimisation process requires that all variables be integers, i.e., fractional values must be rounded off to obtain
an integral solution. The rounded LP relaxation solution is undesired for stope boundary optimisation problem with an objective function of maximising the economic value
because it violates optimality principles. The optimality of the solution is not guaranteed because the BEVs can be fractional values and for the application of the LP

relaxation, they will have to be rounded off to integers.
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None of the techniques presented in Tables 2.2 and 2.3 can guarantee an optimum
stope envelope solution except the branch and bound approach, DP algorithm and
downstream geostatistical approach. The branch and bound approach offers true
optimality in 1D space, however, as one moves to 2D it fails to guarantee optimality.
The DP algorithm and downstream geostatistical approach are the only exact methods
that can generate optimum stope layouts in 2D and can be extended to 3D. However,
in the three-dimensional space, they do not guarantee an optimum solution as
discussed in Sections 2.3.3 and 2.3.4. The major shortcomings of the downstream
geostatistical approach are that it does not consider economic profit of the stopes and
does not always adhere to geometrical constraints. For this study, economic values of
the stopes are important to be able to maximise the SLEV of the mineral deposit.
Hence, the downstream geostatistical approach was not considered as an option to

be explored further for this study.

The PSO algorithm can be used to solve 3D optimisation problems as explained in
Section 2.4.8. Furthermore, Mmola et al. (2019) applied the PSO algorithm to optimise
a conceptual orebody subject to stope dimension, level, non-overlapping, and unique
stope constraints. The findings showed that the PSO algorithm is amenable to the

stope layout optimisation problem, thus justifying further investigation.

It is evident that there is still a need to explore the opportunities for developing
algorithms that will generate optimum stope layouts for underground mining. This
research study, therefore, adopted the PSO algorithm and GA principles in developing
a dual interchange algorithm for stope layout optimisation. The DIA works by iteratively

interchanging the two algorithms as explained later in Chapters 3 and 4.

2.6 Summary of Chapter 2

There are numerous algorithms that have been developed for optimising the open pit
limits and some of them can guarantee optimum solutions. There are four critical areas
of underground mine planning optimisation i.e., development and infrastructure
placement, equipment selection and deployment, stope boundary definition, and
production scheduling. Several studies have been conducted focusing on the

optimisation of underground development and infrastructure, and production
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scheduling. However, it should be noted that further developments are still necessary
as there is no algorithm that can guarantee an optimum solution in 3D space. On the
contrary, there has been little research directed at stope boundary optimisation, hence

this study aimed to develop an algorithm for stope layout optimisation.

Optimisation techniques fall under two categories which are heuristic and exact
methods. Exact methods are supported by mathematical proof; however, they can only
optimise a panel/section of the orebody within a reasonable time. When they are
applied to solve the optimisation problem in 3D space, the computational time required
may be expensive or even impossible to solve for large-scale block models. The DP
algorithm and downstream geostatistical approach are the only exact methods that
generate optimum stope layouts in 2D. However, when they are applied to 3D

problems, they cannot guarantee an optimum solution.

On the contrary, heuristic approaches can generate 3D solutions for large-scale block
models and some can provide details of the stope layout but will not guarantee true
optimality as they are rule-based and not mathematically proven for optimality.
Amongst the heuristic algorithms, the PSO algorithm has never been applied to the
stope layout optimisation problem but, it is well-suited to solve the optimisation
problem in 3D space. This premise is based on that it can be used to optimise SLEV

in the long term (Gbest) and profit in the short term (Pbest) for a mining project.

The techniques discussed above have not been able to yield optimum stope boundary
solutions in 3D. Consequently, there is still a need to develop an algorithm that can
generate optimal stope layouts for underground mine planning in 3D. This study
adopted the principles of the PSO and GA algorithms in developing a DIA to be applied
in 3D stope layout optimisation phase of mine planning for mineral deposits. The next
chapter discusses the methodology followed in developing the DIA and to validate its

robustness.
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3 RESEARCH METHODOLOGY

3.1 Overview of Chapter 3

This chapter presents the process followed in developing the DIA and briefly discusses
the mining methods that can be used to extract the Platreef mineral deposit. It also
presents the approach used in developing a synthetic Platreef geological block model
and construction of the economic block model. The validation procedure for the DIA

results is also described.

3.2 Extraction of the Platreef deposit

The Platreef deposit is amenable to extraction using surface mining and underground
mining methods depending on the depth of reef below surface. For underground
mining, various mining methods can be employed to different sections of the orebody.
Examples include the drift and fill, drift and bench for thinner ore zones, and longhole
stoping for thicker ore zones. A major part of the ore deposit is in the thicker ore zone
category and will be extracted using longhole stoping, while sections of the orebody
that are unsuitable for extraction using longhole stoping will be exploited using the
other mining methods. Thus, this thesis developed an algorithm that can generate an
optimal stope layout when using the longhole stope mining method.

The stope dimension consists of the width, height, and length, which are the
parameters considered during the stope design. For stability of the mining area and
production per stope, the strike length and height of the stope were kept constant. The
stope width may vary depending on the thickness of the orebody and hydraulic radius.
The following section discusses longhole stoping briefly.

3.3 Longhole stope mining method

The longhole stope mining method is also known as sub-level open stoping, sub-level
stoping or blast hole stoping. The longhole stoping method is a bulk or massive mining
method with good recovery and minimal dilution compared to other massive mining
methods such as sub-level caving. This method requires that the orebody be almost

regular in shape, have competent ore and stable host rock, and the footwall should
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allow the ore to gravitate due to gravity. Longhole stoping requires a large amount of
pre-development before stoping commences. The capital cost for this large amount of
development is off-set by the fact that the development occurs within the orebody,
thus, ore can be realised and processed at a profit to off-set development capital
outlay. The location of the development and infrastructure is vital for the extraction of
ore. However, the positioning of development is beyond the scope of this thesis. It was
not considered because the stope boundary problem was selected as the first step in
the optimisation process and including development placement optimisation would

lead to an intractable optimisation problem.

Each stope consists of a drill drift and extraction drift at the top and bottom of the stope,
respectively, leaving a block of ground between the drifts referred to as the bench.
Once the drifts have been established, the stope is mined (see Figure 3.1). The broken
ore is mucked from the bottom of the stope through the drifts using load-haul-dump
(LHD) machines, which may tip the ore into orepasses, trucks or underground trains.
The void created can be backfilled after a stope has been completely mined and the
fill material should be allowed to cure before an adjacent stope can be extracted,

otherwise pillars must be left in place to prevent stopes from collapsing.

DRILLING
ACCESS DRIFT

UNMINED SECONDARY STOPE

MUCKING
ACCESS DRIFT

LONGHOLE DRILL

MUCKING DRIFT —

LHD

Figure 3.1 Generic longhole stope layout
Source: Ivanhoe Mines Ltd (2014)

3.4 Creation of a synthetic block model

The world supply of most platinum group elements (PGEs) is from the Bushveld
Complex in South Africa, Stillwater Complex in the United States of America, Great
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Dyke Complex in Zimbabwe and, Noril'sk and Talnakh Complexes in Russia. PGEs
are important minerals that are used in several applications such as jewellery,
automotive catalytic converters in vehicles, catalysts in chemical and petroleum
processes and electrical devices (Cawthorn, 1999; Schouwstra et al., 2000; Thormann
et al., 2017).

The Bushveld Complex consists of three limbs, namely the Western, Eastern and
Northern limbs. It is the largest layered intrusion in the world. The Bushveld Complex
hosts the Merensky reef, Upper Group Chromitite No.2 (UG2) and Platreef
mineralisation. The ore types consist of platinum (Pt), palladium (Pd), rhodium (Rh),
iridium (Ir), ruthenium (Ru), osmium (Os), gold (Au), copper (Cu), and nickel (Ni). The
future of South Africa’s PGE mining is in the Northern Limb as discussed in Section
1.5 and according to Cawthorn (2010), the Platreef is the third largest PGE deposit in
the world after the Merensky and UG2 reefs. Therefore, a synthetic block model was
created based on the Platreef deposit characteristics in terms of 4E grade distribution
and prill split. The 4E grade refers to the combined content of the four most valuable

precious metals namely platinum, palladium, rhodium, and gold.

The synthetic block model was created using Microsoft Excel as a csv file. The input
values were generated in such a way that they mimic the characteristics of the Platreef

deposit, and the steps followed were to:

e Create x, y and z block dimensions of 5m, 5m and 5m respectively. Block size
and shape affect the stope layout optimisation process because large and non-
cubic blocks limit the stope design in both the parallel and orthogonal directions
of the block model. However, the optimisation performance maybe enhanced
in terms of computational time. In contrast, smaller blocks provide better
definition of the stope, consequently, resulting in a better stope layout in any
direction (Thormann et al. 2017). Furthermore, it results in better management
of internal dilution in the block model. However, as the block size becomes
smaller, the optimisation process becomes slower, thus, increasing the
computational time. Therefore, for this study, a block size of 25m? was used to
create a balance between block size and optimisation performance.

e Generate density values in tonnes per cubic metre (t/m?).
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e Randomly generate 4E grade values in grams per tonne (g/t) between 0.01
and 21.9. According to Thormann et al. (2017), the Platreef orebody has a high
ore grade variation, thus a highly variable grade distribution was selected to
mimic the Platreef mineral deposit.

According to Kinnard et al. (2005), Manyeruke (2007) and Armitage (2011), the
Platreef deposit varies in thickness from approximately 50m in the north to about 400m
in the south and strikes in the north to northwest direction and it is steeply dipping.
Thus, the synthetic block model was created at a dip of 90° with dip direction due west

and a strike direction due northwest.

3.5 Construction of the economic block model

In this study, a 3D geological block model was converted to a 3D economic block
model where each ore block was assigned a BEV. To convert the geological block
model to an economic block model several parameters were applied, inter alia,
density, basket price, grade, dilution, recovery, cost of extraction, cost of processing
and refining cost. Consequently, the objective function was set as the maximisation of
the SLEV as itis the best proxy to measure the ‘snapshot’ economic value of the multi-
commodity mining project. Thereafter, a minimum stope size was defined guided by
the practicality of implementation during ore extraction.

A geological block model contains a set of blocks with estimates of grade values which
are used to categorise blocks as either ore or waste based on a specific cut-off grade.
However, it is important to express the content of each block in economic terms to
determine its net worth for the mining optimisation process because most algorithms
developed for the optimisation of the mining process for both open pit and
underground mines are implemented on an economic block model of the mineral
deposit with BEV as an attribute of the blocks (Ataee-Pour, 2005b).

The ultimate pit limit (UPL) optimisation principles for open pit mining were adopted
for this study because the UPL is the largest possible envelope that contains all the
blocks that are candidates for extraction, and it is based on the premise that all blocks
within the UPL are extracted in a single period (Phillips et al., 2021). However,
depending on the mining method used to extract the underground reserves, transition

to underground mining can occur earlier than UPL. The principles of the UPL are like
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that of stope boundary optimisation problem because all the blocks in the economic
block model are included in the optimisation process, but the time value of money is
not accounted for. Therefore, the undiscounted UPL yields the net economic value of
the mineral deposit because it does not account for the time value of money, which is

applicable when optimisation of the production scheduling is considered.

The LG algorithm was mathematically modelled to solve the long-term open pit mine
planning optimisation problem, and its approach was used as a base to develop
analogies for underground stope layout optimisation adaptation. Table 3.1 presents
the similarities drawn between open pit and stope boundary optimisation processes.
The next phases will be scheduling the undiscounted UPL and stope layout which are
beyond the scope of this study.

Table 3.1 Adaptation of the UPL optimisation principles for stope layout optimisation

LG algorithm DIA

Open pit mining environment in 2D Underground mining environment in 3D
BEV (Bi) BEV (Bij)

Block column value (M) Stope economic value (SEVik)

Ultimate pit economic value (Pj) Stope layout economic value (SLEVii)

A 3D geological block model must be converted to a 3D economic model where each
ore block is assigned a BEV. To convert the geological block model to an economic
model several parameters are applied, inter alia, grade, dilution, metal price and cost
of extraction and processing, and recovery. “Each block in the economic model can
be identified by its X, y, and z co-ordinates. A typical block entry is represented by By,
where X, y and z represent the sequential order of the block in X, Y, and Z directions,
respectively” (Nhleko and Musingwini, 2019, p. 62). The resource model was valuated
using Equation 3.1 to develop the economic model. For compatibility, it was necessary
to convert the metal price in USD per ounce ($/0z) and grade in grams per tonne (g/t)
to their equivalent USD per tonne ($/t) and percentage (%), respectively assuming 1t
is equivalent to 32150.75 troy ounces (see Table 3.2).
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Table 3.2 Conversion factors

Parameter Conversion factor
Price

US Dollar per tonne ($/t) 1

US Dollar per ounce ($/0z) | 32150.75
Grade

Percent (%) 1

Grade (g/t) 0.0001

The basket price, p,, is applied where more than one mineral is considered for

extraction purposes otherwise the price of the mineral concerned is used.

The conversion factors are:

Metal price: Equation 3.2 shows the conversion from USD per ounce ($/0z) to

USD per tonne ($/t) where a factor of 32150.75 is applied.

Grade: conversion from grams per tonne (g/t) to percentage (%), a factor of

0.0001 was applied as shown in Equation 3.3.

BEV; = [{(pf - rr) X gf X yr} - (er + Cr)] X [tr(l - dr)]

pr = 32150.75 X p,,
gr = 0.0001 x g,

Where:

BEV, block economic value ($) for block r

Pp

Py

L

gr

gr

Yr

basket metal price ($/0z)
metal price ($/t)

refining cost of block r ($/t)
grade of block r (g/t)
grade of block r (%)

recovery from block r (%)
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e, extraction or mining cost for block r ($/t)
Cr concentrating or processing cost of block r ($/t)
t, tonnage of block r (t)

d, dilution and mining losses incurred in block r (%)

3.6.1 Metal concentration

Platreef ore types consist of PGEs occurring in different concentrations; thus, others
are not considered during feasibility studies. Section 1.5 stated that the Northern Limb
has Platreef mineralisation with the platinum group elements, and gold, copper, and
nickel. The mineralisation occurs in different ratios; therefore, it necessitates the use
of the concept of average proportions. The concept of average proportions is called
the prill split, which indicates the relative proportions of the metals contained in a tonne
of ore. The average proportions of the metal volume slightly differ from mine to mine

and with time (Musingwini, 2009; Chigumira and Raymond, 2017).

Musingwini (2009) and Mudd (2012) stated that most mining companies report
elements contained in PGE ores as 4E or 6E grades while other mining companies
only report PGE resource grade as 4E. The 4E grade is the sum of Pt, Pd, Rh, and Au
grades and 6E grade is the sum of Pt, Pd, Rh, Ir, Ru, and Au grades in grammes per
tonne. According to Thormann et al. (2017), the other PGE and base metals, namely
nickel and copper contribute a minor share of the basket price. In addition, most mining
companies consider 4E grade for feasibility studies. Therefore, only 4E grade was

considered in this study.

The Northern Limb ore characteristics are shown in Table 3.3, where it can be
discerned that the platinum and palladium ratio is approximately 1:1. Even though
metal volume varies from one operation to another, it was deemed appropriate to

assume the general prill split for the Northern Limb for representativity.
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Table 3.3 Northern Limb prill split

Source: Chigumira and Raymond (2017)

Metal type Proportion (%)
Platinum (Pt) 43

Palladium (Pd) 48

Rhodium (Rh) 3

Gold (Au) 6

3.6.2 The PGE basket price

PGE mining operations receive revenues from multiple metals such as Pt, Pd, Rh, Au,
Cu, and Ni. Therefore, it is important to consider a basket price for all metals with
significant contribution to the revenue when calculating the value of the deposit. This
study is based on a 4E grade as stated in Section 3.6.1, hence, the basket price for
4E was used. The basket price was calculated using Equation 3.4 where p,, and P
respectively represent the basket price, and individual metal price in United States
(US) dollars per ounce and ore type proportion (%) for each metal. The input values
were adopted from a Platreef 2017 feasibility study by Ivanhoe Mines as shown in
Table 3.4. The estimated long-term 4E basket price (p,) was calculated to be
US$1041.5/0z. The grade for each block was calculated using Equation 3.5, where P
and g represent proportion (%) and grade (g/t) for platinum, palladium, rhodium, and
gold (4E PGE), respectively.

Pp = X(Ppt X Ppt) + (Ppg X Ppa) + (Prn X Pri) + (Pay X Pay) 34

r = X(Ppt X gpt) + (Ppa X gpa) + (Prr X grn) + (Pay X Gau) 3.5
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Table 3.4 Input values for economic block model construction

Source: lvanhoe Mines Ltd (2017)

Parameter Unit Value

Price Platinum (Pt) US$/oz 1250
Palladium (Pd) US$/oz 825
Rhodium (Rh) US$/oz 1000
Gold (Au) US$/oz 1300

Refining cost US$/it 39.77

Extraction cost US$/it 34.27

Concentrating cost US$/it 15.83

Recovery % 82

If the BEV (i.e., value to be realised if a block is mined) is positive, the block is regarded
as ore, whereas, if the value is negative, it is regarded as waste. If a block has a BEV
of zero, it means that only the cost of mining that block will be realised if extracted and
the block is a marginal block. All the blocks in the economic model have a potential of
being included in the optimum stope layout if they add to the realisation of the
maximum economic value of the orebody or to ensure the stope dimension constraint
is not violated. As indicated later in Section 5.4 all BEV blocks were considered for
evaluation to not disrupt the optimality of the solution generated. The next section

discusses the validation process for the dual interchange algorithm.

3.6 Dual interchange algorithm validation process

Any new stope boundary optimisation algorithm can be tested against algorithms such
as the floating stope algorithm, maximum value neighbourhood algorithm, Sens and
Topal approach, and Sandanayake and Topal approach. Some of these algorithms
have been incorporated into commercial mining software (see Table 3.5). For
example, the MVN algorithm has been implemented through the SLO software. There
is a Mineable Reserves Optimiser (also known as Mineable Shape Optimizer), which
is a tool based on the floating stope algorithm in Datamine commercial software
(Erdogan et al., 2016). The robustness of the DIA that was developed in this study
was validated by benchmarking its results against the MSO module due to availability

of Datamine software to the author.
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Table 3.5 Stope optimisation algorithms in commercial software

Source: Nhleko et al. (2018)

Algorithm Extension Software

Octree Division algorithm None GEOCAD (BONANZA)
Floating Stope algorithm Mineable Reserve Optimiser | Datamine

Floating Stope algorithm Vulcan stope optimizer Maptek

Multiple Pass Floating Stope process None Datamine

Maximum Value Neighbourhood algorithm MSSTOPE MineSight

3.7 Summary of Chapter 3

The dual interchange algorithm was developed using the principles of the PSO
algorithm and GA techniques. The dual interchange algorithm was applied to a
synthetic Platreef orebody amenable to the longhole stope mining method. The
resource block model was converted to an economic model using parameters related
to metal price, grade, and costs of mining, processing, and refining of the broken ore.
The dual interchange algorithm was validated by benchmarking its results against the
MSO. The next chapter presents the development process of the dual interchange
algorithm.
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4 DEVELOPMENT OF A DUAL INTERCHANGE ALGORITHM

4.1 Overview of Chapter 4

Chapter 4 presents the parameter setting procedure of the PSO algorithm and the
mining constraints considered in this study. The adaptation process for the PSO and
GA algorithm for underground stope layout optimisation is explained in detail. The

programming language used to code the DIA is mentioned and justified.

4.2 Parameters of the PSO algorithm

This section discusses the selection of PSO parameters and their input values to
ensure that an optimal solution could be generated. The PSO input parameters include
the velocity of a particle, acceleration coefficients, number of particles in the swarm
and maximum number of iterations, whichever provides better performance for the
algorithm. The performance of the algorithm is affected by factors such as inertia
weight, velocity clamping and constriction.

4.2.1 Particle velocity

In defining particle velocity Nhleko and Musingwini (2019, p. 59) stated that, “Velocity
is a vector used to determine the speed and direction of a particle within a swarm. The
velocity component has the following characteristics which are namely, ability to
provide information about a particle’s previous movement, cognitive and social
information”. The generic equation used to calculate the particle’s velocity was shown

previously in Equation 2.2.

Nhleko and Musingwini (2019, p. 59) further stated that, “The velocity component acts
as an inertia component where it provides memory for the particle’s previous
movement. This information prevents the particle from drastically changing its direction
and biases it towards the current direction. The cognitive component measures the
performance of the particle relative to its previous solutions. It measures the propensity
of a particle to return to its previous best-known position. It is represented
by c;mf(Pbestl; — PL). The social component is denoted by c,rs (Gbest; — PL;), which

measures the performance of the particle relative to other particles in the swarm.
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Where parameters c; and c, represent the acceleration coefficients that regulate the
length when flying to the most optimist individual particle and to the most optimistic
particle of the whole swarm at time, t. Both r; and r,, represent random factors ranging
from 0 to 1. The parameter P/, represents the d-dimension quantity of the position of
particle, i at time, t . The parameter Pbest!; is the most optimistic position of the
individual particle, i at time, ¢t and d-dimension. The parameter Gbest}, is the d-

dimension quantity of the swarm at its most optimistic position at time, t.

This component ensures that each particle in the swarm draws towards the best
position found in the search space (swarm)”. The magnitude of the velocity needs to
be managed to guarantee that the particles remain within the search space (Bai, 2010;
Talukder, 2011), otherwise the particle will be too far from the search space, or the
solution may converge to and be trapped in a local optimum. This is achieved by using

parameter v¥, as explained previously in Section 2.4.8.

The inertia weight and constriction factor are the commonly applied parameters to
address the drawbacks of the PSO of converging to and getting trapped in local
optima. Some researchers have applied mutation operators on Pbest and Gbest
particles using different techniques to prevent the PSO from being trapped in local
optima. The analysis of mutation operators is beyond the scope of this study since a

standard PSO algorithm is being applied.

4.2.2 Acceleration coefficients

Acceleration coefficients maintain the stochastic influence of the cognitive and social
capability of a particle by combining the acceleration coefficients with random values
r; and r, as explained previously in Section 2.4.8. Cognitive and social components
provide a level of confidence that a particle has on the solution it has produced and
the solutions generated by its neighbours (Nhleko and Musingwini, 2019).

If the coefficient is too small, a particle may be too far away from the target field. If a
coefficient that is too large it may cause particles in the swarm to fly to the target field
suddenly or fly beyond the target field. The values of ¢; and ¢, can control the speed
of the particles flying in the search space; hence, the solution generated by the particle
will be an optimum solution. Cai et al. (2009) stated that empirical studies show that

better solutions are generated when c; is equal to ¢, and they are both equal to two
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(2). There are other options of initialising c; and c,; the choice of the assigned values
depends on the objective function of the optimisation process. However, incorrect
initialisation may lead to divergence or cyclic behaviour. Table 4.1 shows the different

options and their effect on the optimisation problem (Talukder, 2011).
Table 4.1 Acceleration coefficients and their effects on the optimisation solution

Source: Nhleko and Musingwini (2019)

Option Qualities

cg=¢c=0 Particles continue at current speed and only stop once search space boundary has been
reached. Velocity is calculated as vf*! = vf.

¢g>0and c; =0 Particles are independent and velocity is updated by vf*! = v} + ¢;rf(Pbestf — P}).

There is no global best component, thus this option cannot work for global optimisation

problems.
cg=0and ¢; >0 Particles are only attracted to the global best position. vf* = vf + c,rf(Gbest — Pf).
cp=c=2 Particles are attracted to the average values of the Pbest and Gbest.
1> c Each particle is strongly influenced by its Pbest position resulting in excessive wandering

and may lead to non-convergence.

> Particles are strongly influenced by Gbest position resulting in premature convergence.

4.2.3 Inertia weight

Inertia weight is an agent that controls the speed of the current particle by weighing
the contribution of the velocity of the particle’s previous position. Equation 2.2 is
therefore, modified to include inertia weight (w) as shown in Equation 4.1, which
controls the exploitation and exploration capabilities of a particle in the search space.
This parameter allows the convergence of the swarm to be more accurate and efficient
than that of the original PSO approach. Table 4.2 shows the different inertia weight
values that can be applied and their effects on the optimisation solution (Bai, 2010;
Talukder, 2011).

viFt = wvl; + cyrf (Pbest; — PY)) + c,rt(Gbesty — PL) 4.1

Inertia weight can be applied as a fixed value, however dynamically changing values
has produced superior results because this allows better control exploitation and
exploration of the search space. The commonly used dynamically changing inertia
weight decreases from 0.9 to 0.4 over the entire search space (Lim et al., 2009; Bai,
2010; Talukder, 2011; Imran et al., 2013; Alam, 2016). Therefore, assigning of large
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values in the early stages of searching allows for short exploration time and more time
is dedicated to the exploitation of the search space. Initialising the search process
using a high value of the inertia weight guarantees that as w decreases, the speed
decreases to search the entire solution space (Bai, 2010). The shortcoming of using
a dynamically changing inertia weight is that once it decreases from 0.9 to lower
values, it cannot increase to recover its exploitative function, thus, constraining the
swarm from searching new areas (Talukder, 2011). The inability to increase w should
not be a problem for stope layout optimisation since the search space is predefined

before the implementation of the algorithm.
Table 4.2 Inertia weight options and their effects on the optimisation solution

Source: Nhleko and Musingwini (2019)

Option Qualities

w=20 Particle moves without knowledge of the previous velocity in each step, i.e., velocity component

diminishes in Equation 4.1.

w=1 There is a lack of searching ability throughout the search space.

w<l Quick changes in particle direction because there is little velocity influence from the previous
step.

w=>1 Velocity increases over time and there is hardly any change in particle direction resulting in

particle divergence.

4.2.4 Constriction factor

The constriction factor (y) was introduced to guarantee particle convergence and
prevent collapse in the search space resulting in the swarm being trapped in local
optima. When the constriction factor is applied, the search procedure is implemented
by using Eigen value analysis such that different regions are searched efficiently while
preventing premature convergence (Lim et al., 2009; Bai, 2010; Talukder, 2011).

Equation 2.2 is therefore, modified as shown in Equation 4.2 when a constriction factor

is applied.
it = y[vl; + cyrf(Pbestf; — PL) + c,rf(Gbestl, — Pf)] 4.2
2
- < 4.3
P
Q=c+c 4.4
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Qo >4 4.5

Where ¢ is the sum of ¢; and c,. Lim et al. (2009) and Alam (2016) stated that to
guarantee the stability of the optimisation process, the value of ¢ must be greater than
four (4). However, as the value of ¢ increases, y decreases resulting in reduced
diversification, resulting in a high computational time requirement. Generally, when
¢ = 4.1 then y =0.729 (where c; = ¢, = 2.05), and the solutions generated have
proved acceptable. Bai (2010) stated that when y is used instead of w, the
convergence to an optimum solution is much quicker. However, when appropriate
values for w, c; and c, are selected, the results of using y or w are identical. The major
drawback of using a constriction factor instead of inertia weight is that it only considers
the dynamic behaviour of one particle and the effect of the interaction among particles
in the swarm. The equations were developed based on a static set of Pbest and Gbest
positions. On the contrary, Pbest and Gbest positions change during the optimisation
process in the standard PSO algorithm (Lim et al., 2009; Bai, 2010; Talukder, 2011).
Therefore, inertia weight was selected for controlling the speed of the particle for
implementation in the DIA algorithm.

4.2.5 Initialisation

According to Nhleko and Musingwini (2019), appropriate initialisation will yield a
balance between exploitation and exploration of the swarm during the search process.
The common approach is to apply a uniform distribution for initialisation to ensure
diversity in the amount of space covered and particle distribution. Optimal initial
particle distribution in the search field must be confined between minimum and
maximum ranges of the search space dimensions. The initial velocity of the particles
must be zero to ensure random positioning and moving directions for particles. If non-
zero velocity values are selected, care must be exercised to ensure that the particles
do not spiral away from the feasible region during the optimisation process.
Consequently, large number of iterations will be required before particles settle on the
best solution (Talukder, 2011). According to Alam (2016), if a non-zero velocity is
used, it should be within 10% of the particle position to guarantee efficient exploration

and exploitation of the search space.
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4.2.6 Number of iterations

The number of iterations required to obtain a good or near optimum solution depends
on the objective function. Therefore, it is important to note that if the number of
iterations is too small, the optimisation process may terminate prematurely,
consequently, failing to generate an optimum solution. On the contrary, if the number
of iterations is too large, there may be unnecessary computational time added,
resulting in long solution times if convergence occurs. The number of functions
evaluated for velocity adjustment, Pbest, Gbest and the objective function evaluation
during each iteration is equivalent to the number of particles in the swarm (Talukder,
2011). According to Alam (2016), the most used number of iterations ranges between
500 and 10000. Sandanayake (2014) applied 500 iterations for the stope boundary

optimisation problem.

Given that the amount of computational time required increases exponentially as the
number of constraints and number of iterations increase, 200 iterations were applied
in this study. The DIA creates 25 stope layouts per run using the PSO algorithm which
are modified through 200 iterations each, thus generating 5000 possible stope layout
solutions. In addition, the GA modifies each stope layout several times until there is
no improvement on the SLEV of the stope layout. A higher number of iterations may
result in failure of the algorithm to converge to an optimum solution considering the
number of constraints applied. Furthermore, a higher number of iterations require high
computational power given the number of constraints applied in this study.

4.2.7 Stopping criteria

According to Talukder (2011) as cited in Nhleko and Musingwini (2019), stopping
criteria are used to terminate the search process and there are three commonly used

termination criteria which are:

e The maximum number of iterations which ensures that the algorithm terminates
when the maximum number of iterations has been reached. If the number of
iterations is small, the process may terminate prematurely.

¢ No significant improvement in the solution as a condition to ensure that if the

average change of particle position is very small or if the average velocity of
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the particle is approximately zero over several iterations, the search process
terminates.

e Normalised swarm radius as a condition that ensures the search process
terminates if the normalised swarm radius is approximately zero. Equations 4.6

to 4.8 show how to introduce this feature.

Radiusmax

Normal swarm radius = Radius,,yrm = Yy 4.6
Radius,, 4, = ||X,, — Gbest]|| 4.7
|| X,, — Gbest|| = ||X; — Gbest]|, mVvi=1,..,n 4.8

As discussed previously in Section 4.2.6, the number of iterations was selected as a

stopping criterion to terminate the algorithm.

4.3 Application of genetic algorithm

The GA is a metaheuristic algorithm that imitates the process of natural selection
where the fittest individuals in a population are selected for reproduction of offspring
in the next generation. The offspring inherit the genes of the parents. Therefore, the
generated offspring will be better than its parents in terms of fitness and has a better
chance of surviving. This reproduction process iterates until the criterion for
termination is satisfied, consequently, producing a generation of fittest individuals in a
new generation. Termination occurs when the population has converged meaning that
there is insignificant difference between previous generation and the current

generation in terms of fithess.
The generic stages of evolution in the GA approach are (Kurniawan, et al., 2014):

e Step 1: Initial population selection — randomly select individuals to form a

population.

e Step 2: Computation of the fithess function — valuate the objective function,

ensuring that constraints are not violated.

e Step 3: Selection of the fittest parents — selection of the candidate parents for

reproduction based on the fitness criterion. The best number of parents and
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offspring populations are selected to form a new population by executing the

following operations:

- Crossover — allows for gene exchange between selected parents to

produce an offspring of higher fitness than its parents.

- Mutation — a certain number of individuals in the parent population are
mutated and offspring population carrying hybrid genes from both

parents is generated.

- Elimination — individuals with best fithess function are identified and

stored while those with poor fithess are eliminated.

e Step 4: Termination — stopping criterion is evaluated, if not satisfied, Step 2 is
executed. Otherwise, once a criterion to stop the iterative process is met then

Step 5 is executed.

e Step 5: Best fitness individuals are presented.

4.4 Mining constraints

This section discusses the mining constraints considered for the stope layout
generation and how they were applied. These constraints are stope dimension,
dilution, stope location (level), non-overlapping stopes and unique stopes. These
constraints are important for the practical extraction of the orebody. The notations in

Table 4.3 are used to explain the flow charts for mining constraints consideration.
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Table 4.3 Notations of parameters used in the dual interchange algorithm

Notation Explanation

X location of a block along the x-axis
Y location of a block along the y-axis
VA location of a block along the z-axis
Xonax outmost location of a block along the x-axis
Yoinax outmost location of a block along the y-axis
Z max outmost location of a block along the z-axis
By, Block identifier in terms of x, y, and z location
nxg number of blocks consituting a stope along the x-axis
nyg number of blocks consituting a stope along the y-axis
nzg number of blocks consituting a stope along the z-axis
s stope
t iteration
Ps set of all positive stopes
qs set of all positive stopes in a level
gs grade of stope s
Ps density of stope s
mg tonnage of stope s
OLL optimsed level stope layout
SEV stope economic value for stope s
SLEV stope layout economic value

OSL optimised stope layout
4.3.1 Stope dimension considerations

There are several stope dimension combinations that can be used to generate stope
layouts. However, the selection of the appropriate stope dimension is constrained by,
inter alia, geological conditions, geotechnical environment, and type of equipment to
be used. Therefore, it is important to consider these factors when determining the
appropriate stope dimension. In this study various factors were considered such as
the strike, dip, permissible hydraulic radius based on an existing prefeasibility study in
the Northern Limb of the Bushveld Complex and operating mining constraints such as

drilling machine capabilities.

The dual interchange algorithm randomly generates various stope dimensions given
the input constraints of minimum and maximum dimensions of the stope width.
Thereafter, it generates an appropriate stope dimension to be used for the optimisation
process throughout the block model. It should be noted that the mine planner or the
user can override the random generation of appropriate stope dimension by selecting
the option to input the preferred stope dimension under the fixed tab in the interface
as shown in Figure 4.1.
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Menu

Parameter X (m) Y (m) Z (m)

Maximum ‘ ‘ ‘ ‘ ‘ ‘

Minimum

Fixed

Figure 4.1 User interface for the stope dimension specifications

4.3.2 Stope generation process

The regularised economic block model is used as an input parameter for stope
generation. Every block in the economic model is first assigned a unique identifier in
terms of its X, Y, and Z location to facilitate the stope creation. The number of blocks
along each axis determines the size of the stope in that specific direction. For example,
if each block is 10m in X, Y and Z axes and XINC = 2,YINC = 2,ZINC = 2, the stope
dimension will be 20m x 20m x 20m. In this configuration, the stope size is fixed
throughout the search space. Every possible stope is generated with its economic
value being calculated by the summation of all the economic values of the blocks
constituting the stope called the stope economic value, or SEV. The output of this
process is a set of stopes that either have a positive or negative value depending on
the sum of the values of the blocks in that stope.

The stope generation process ensures that all blocks in the economic block model are
considered for inclusion in the final stope layout irrespective of the block economic
value. This assurance is achieved by allowing each block in the model to generate a
stope or a set of stopes. Practically, however, a block can be mined only once. Thus,
if a block generates a set of stopes, only a stope yielding the highest stope economic

value or SEV from a block is selected.
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Figure 4.2 shows the flow chart for stope generation along the x, y, and z axes. After
the stopes are generated, if the economic value of the stope was equal to or greater
than zero, it was included in the optimisation process. However, if the stope economic
value was negative it was excluded from the stope layout optimisation process since
it does not add value. This elimination process reduces the number of stopes in the
economic block model, subsequently, reducing the solution time for generating an

optimum stope layout.
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Figure 4.2 Flow chart of the stope generation process
(Adapted from Sandanayake, 2014)
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4.3.3 Level constraint

The optimisation process is initiated randomly in the selection of stopes. The first
stope (starting stope) selected is floated throughout the economic block model. Once
the stope is selected, the height of the stope is fixed throughout the optimisation
process. The selected (origin) stope is then floated along the x and y axes to determine
the optimum stope combinations per level using the principles of the GA. Thereafter,
the search process continues either upward or downward along the z-axis depending
on the position of the starting (origin) stope to complete search process in the
economic block model. Consequently, an optimum stope layout is generated subject
to the constraints and the stopping criterion. Figure 4.3 shows a 2D example of the
optimisation process along the z-axis where the stope dimension is set at 2 x 2 blocks.
The bottom row of blocks along the z-axis are not included because they do not satisfy
the stope dimension constraint. A schematic illustration of the stope generating
algorithm incorporating the level constraint is depicted in Figure 4.4.

Origin stope selected and floated along the x -axis

L

Once level

search is
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Figure 4.3 Stope optimisation along the z-axis in an x-z plane
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Figure 4.4 Level constraint incorporation in the optimisation algorithm

(Adapted from Sandanayake, 2014)

4.3.4 Non-overlapping and unique stopes

Once the origin stope has been selected it is floated along the x and y axes to generate
a layout for that level. However, there are numerous possible combinations of stopes
that need to be evaluated to determine the optimum combination of stopes. Figure 4.5
shows 2 x 2 blocks in 2D for a stope dimension that is floated along x-axis and y-axis
in a level to determine optimum stope combinations. There are six unique stope
combinations that are possible given the length of 8 blocks in a row. The selection of

any of the possible combinations is governed by the SLEV, where the combination of
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stopes with the highest sum of the stope economic values is desired irrespective of
the number of stopes included.

L
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2, 4,6
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Figure 4.5 Example of a plan view of possible stope combinations in 2D

The generation of these possible stope combinations may be a cumbersome activity
and may increase the solution time exponentially given the possible combinations
when there are hundreds of thousands of stopes to be considered in a level,
consequently, making the optimisation problem intractable. This constraint was
eliminated by adapting the principles of the genetic algorithm in generating possible
stope combinations and selecting the highly ranked combination for inclusion in the

final stope layout.

Figure 4.6 presents the flow chart used to apply the genetic algorithm principles in
overcoming overlapping stopes and ensuring unique stopes are included to avoid
stope duplication in the generated stope layouts. The first step was to input all stopes
in a specific level that is being optimised during a specific iteration of the PSO. From
the set of stopes in a level, a population was generated randomly for input into the GA
approach. Thereafter, the objective function was valuated to maximise the stope
economic value in that level. Elitism was applied to ensure that best stopes are
selected for inclusion in the next generation to avoid lack of diversity and a premature
over-fitting in the optimisation process. However, only a small number of stopes were
selected under the elitism process. The best fit stopes were selected as parents and
mated to generate offspring through the crossover and mutation processes.
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Generations (i.e., stopes) with inferior fitness were eliminated from the layout. If the
termination criterion was not met, the iteration continued until termination was
satisfied. Subsequently, the best stope layout for the level was stored. The
optimisation continued to the next level along the z-axis. This process continued until
the whole economic block model had been optimised. The individual level stope
layouts were then aggregated to form an optimised stope boundary layout for the

whole mining block model.
Input all stopes along x & y axes
at z elevation

Set "I’mux' Pmax

)

Initialise stope population

!

n
Evaluate f(P{) = Max ) SEV,

i=0

Subject to stopes,s 35" | stope, s+ s, t =0

e
v

Any modification True

to the layout? t=t+1

False

Selection & elitism

‘, l

Qutput best solution, set of stopes Crossover

l

Mutate —

z+1

Figure 4.6 Non-overlapping and unique stope constraints incorporation

The GA algorithm uses the set of positive stopes as input to satisfy the non-overlap
and unique constraint for the level optimisation stage of the DIA approach. Thereafter,

the optimisation process is initialised as shown in the pseudocode starting from Step
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1 and terminates once the stopping criterion is met (See Figure 4.7)

solution per level is generated in Step 10.

Begin

1)

2)

3)
4)
5)
6)
7)
8)

9)

Input stopes in level Zo
Initialise input parameters
Set:
Generation =0
Population = 100
Best fitness = 0.0
Mutation = 0.1
Elitism = 2
Random = [0,1]
Initialise population
Evaluate objective function
Select parents
Select elite individuals
Crossover
Mutate
While layout modification == True:

Gotostep 5

Else:

Go to step 10

10) Output best level population

End

Figure 4.7 Pseudocode for GA adaptation

4.4 Adaptation of the PSO algorithm for stope optimisation

. The optimum

The basic PSO algorithm was adapted for optimisation of the underground stope

layout. Table 4.4 depicts what the PSO parameters represent in a mining context.
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Table 4.4 Adaptation of the PSO algorithm for optimising underground stope layout

Generic PSO algorithm Adaptation of PSO for a stope layout environment
(Adapted from Qi et al. (2016) (Nhleko and Musingwini, 2019)

Swarm: search space for particles Set of positive stopes generated

Particle position, i, (P}), at iteration, t Stope layout, i, (P}), atiteration, t

Particle best position, Pbest}, at iteration, t Personal best stope layout, P;, at iteration t

Moving speed of a particle, (V}), at iteration, t | Rate of change in stope layout, P;, to resemble the current

best layout solution

Particle position, i: (Pf*1), at iteration, t + 1 Stope layout, i: (Pf*), atiteration, t + 1
Swarm best position, Gbest?, at iteration, t Global best stope layout from the set of layouts generated at
iteration, t

w, ¢y, €2, 11 and r, are the control parameters for the rate of change to prevent convergence on local optima and

non-convergence of the algorithm during the search process.

4.4.1 Dual interchange algorithm anatomy

The algorithm uses the set of positive stopes, s, as input. Thereafter, the optimisation
process is initialised as shown in the pseudocode starting from Step 1 and terminates
once the stopping criterion is met (see Figure 4.8). The optimum solution is generated
in Step 10.
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Begin

(1) Initialise input parameters
Set:
w=0.8
c1 &2 =1.49445
r1 &r2 =0, 1]
t=0
N =500
D=5
(2) Initialise the swarm
Initialise the particles P(t) att =0

(3) Evaluate objective function:
f(P)) = MaximiseYV, for s=s, s ,..,s"
Vs = ZBxyz for Bxyz = B:}yz' B;%yz: e B:?yz

Subject to these constraints:

Stope dimension

Level position
cA {Non - ov.erlapping stopes
Unique stopes
(4) Set f(P!) = Pbest{ and maximum f(P}) = Gbest*
(5) Start
t=t+1
Update w
Update velocity
Update position
Go to step 3

(6) Iff(PI*") > Pbest! then
f(PH*Y) = Phestf*!
Else:
Pbest!t! = Phpest!
(7) IfPbest!*! > Ghest® then

Pbest{t! = Ghest'+!
Else:

Gbest'™ = Gbestt
(8) End
(9) While stopping criterion is unsatisfied:
Go to step 5
Else:
Go to step 10
(10) Output Gbest (stope layout)

End
Figure 4.8 Pseudocode for the dual interchange algorithm

Figure 4.9 presents a flowchart for the dual interchange algorithm where the input
dataset is the set of positive stopes from the economic block model. Furthermore,
Figure 4.10 shows a simple integration of the PSO and GA algorithms for the
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optimisation of stope layout for an underground mine, showing how the PSO and GA

iteratively interchange outputs as inputs until termination is achieved.

E
N

Figure 4.9 Dual interchange algorithm flowchart for stope layout optimisation
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Figure 4.10 shows that the DIA interchanges between the modified PSO and GA
techniques during the optimisation process. The DIA optimisation process for the

stope boundary problem is as follows:

e Step 1, in the PSO, levels are generated based on the stope height constraint
and orebody vertical extension.

e Step 2 evaluates the objective function which is to maximise the economic
value of the mineral deposit.

e Step 3 generates stope layouts given the number of particles as a constraint.

e Step 4, in the GA, from the number of levels generated in Step 1, a level is
selected for the optimisation process with the stope layouts as input.

e Step 5 evaluates the objective function.

e Step 6, for each generation, stope layouts are randomly selected from the
population where the selection of each solution is related to its fitness value.
The GA continues with the optimisation process following the crossover,
mutation, and elimination process.

e Step 7 evaluates the termination criterion, if not satisfied Step 5 is repeated,
otherwise the best level stope layout is selected and stored.

o Step 8 the GA evaluates if all the levels have been optimised, if not it selects
the next level for optimisation and go to Step 4. If all levels have been optimised,
the DIA interchanges to the PSO.

e Step 9, in the PSO, the termination criterion is evaluated. If the termination
criterion is not satisfied Step 2 is executed, otherwise Step 10 is executed.

o Step 10 the PSO aggregates all the Gbest optimised level stope layouts and
generates the global best stope layout for the mineral deposit.

The architecture of the DIA is such that it will best handle variable stope width which
is ideal because the orebody periphery contour is not homogeneous. Therefore,
varying stope width has the benefit of selective mining resulting in the reduction of the
amount of internal dilution in the optimised stope layout. The developed DIA was
applied to a synthetic Platreef economic block model to generate numerous possible
optimal solutions. The solution with the highest SLEV was selected as the optimum

solution for this orebody. To validate the results obtained from the DIA, it was
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compared against the solutions generated by the MSO module in Datamine

commercial software.

Convert geological
block model to
economic model

Define objecfive function:

Maximise net economic value

Define stope dimension
and consiraints

Select stope
layout parents

Aggregate best
stope layouts per
level and output
global best
solution

Validate algorithm results
using MSO

Figure 4.10 Schematic illustration of the proposed dual interchange algorithm

The dual interchange algorithm was coded using Python 3.7 programming language
using an integrated development environment (IDE) called Spyder IDE which is an
open-source platform. To run this programming on a computer, it needs to have
Anaconda Distribution and Microsoft 2013 installed on it. The Python 3.7 programme
allows for the development and application of a Graphical User Interface (GUI). Python

programming allows for the implementation of the DIA and execution of the application
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in a Windows-based computer. The output from this model is converted into a
Microsoft Excel compatible (csv) format for further analysis (see Table 4.5). The
Microsoft Excel file can be imported into Datamine software to create a block model

to visualise the optimised stope layout.

Table 4.5 Sample of the csv file output for the global best layout

Stope

XC Y zc XINC | YINC | ZINC | XMORIG YMORIG | ZMORIG | NX | NY | NZ | Density (tm?) | SEV(USS$)
7642096 | 742846 1092 20 40 25 7642096 | 742846 4092 | 20| 40| 25 31 | 194965783.30
7642398 | 742733 1092 20 40 25 7642398 | 742733 4092 | 20 | 40| 25 31 | 29520299780
7642271 | 742781 1092 20 40 25 7642271 | 742781 1092 | 20| 40| 25 31 | 235883272.30
7642107 | 742748 1092 20 40 25 7642107 | 742748 1092 | 20| 40| 25 31 | 191817722.20

4.4.2 Dual interchange algorithm source code

The source codes for the database, creation of economic block model, stope
generation, introduction of constraints and application of the dual interchange
algorithm are presented in Appendix 8.1. The next section presents the application
interface for the dual interchange algorithm.

4.5 Application programming interface and output file

A user-friendly GUI was developed to allow the implementation of the dual interchange
algorithm. The interface was developed using the Spyder IDE. Appendix 8.2 (Figures
8.1 to 8.5) presents the step-by-step instructions about how to use the interface. The
first step is to upload a geological block model in a Microsoft Excel csv file format as

shown in Figure 4.11.
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Choose file |NeRilERA S

Submit

Figure 4.11 User interface for the dual interchange stope layout optimisation algorithm

4.6 Summary of Chapter 4

This chapter presented the selection of PSO parameters and the structure of the dual
interchange algorithm. The mining constraints considered to ensure practical
applicability of the dual interchange algorithm were also discussed. It is impractical to
accommodate all mining constraints without making the optimisation problem
intractable, thus, only the stope dimension, hanging wall and footwall orientation, level
position, unique and non-overlapping stopes were accounted for as mining
constraints. The dual interchange algorithm pseudocode and source code were also
presented. The next chapter presents the application of the DIA to a synthetic Platreef

block model and using results obtained for the validation process of the DIA.
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5 RESULTS AND VALIDATION OF THE DUAL INTERCHANGE ALGORITHM

5.1 Overview of Chapter 5

There are several algorithms that are used for optimisation of stope layout for
underground mines as discussed previously in Section 2.4. However, none of them
can guarantee optimum solutions in three-dimensional space. The dual interchange
algorithm was developed and applied to the synthetic Platreef deposit block model to
evaluate its performance and benefits. The dual interchange algorithm was validated
through comparing its results against solutions generated using the MSO module in
Datamine commercial software. Figure 5.1 shows the validation process used in this
study. Once the results from both the dual interchange algorithm and MSO were
obtained, they were tabulated where possible for ease of comparison. The subsequent
sections present comparison results for stope layout optimisation between MSO and

the dual interchange algorithm.
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5.2 Synthetic Platreef block model

The synthetic Platreef block model depicted in Figure 5.2 contains 50, 000 blocks with
X, y and z-axes extents being 640m, 175m, and 55m, respectively. The characteristics
of the synthetic orebody model were discussed in Section 3.5. The synthetic Platreef
block model was used to demonstrate and validate the performance of the dual

interchange algorithm and its qualities are shown in Table 5.1.

Legend n

BEV (model_xstrike (block model))

[ABSENT] [4.64472e+006,6.97485e+006] [1.16351e+007,1.39652e+007]
M [-15531,2.3146e+0086) | [6.97485e+0086,9.30498e+006] [1.39652e+007,1.62954e+007]

[2.3146e+006,4.64472e+0086] [9.30498e+006,1.16351e+007] [l [1.62954e+007,1.86255e+007]

Figure 5.2 Synthetic Platreef block model with the legend showing BEV in USD

Table 5.1 Synthetic Platreef block model specifications

Parameter Details
X: -7642592.5 to -7641952.5
Y: 742722.5 to 742897.5
Z:-1097.5 to -1042.5
Number of blocks 50,000

Spatial extent

Block size (x, y, z) Fixed size: 5m x 5m x 5m

Density

3.1 t/m3

4E PGE grade (g/t)

Variation: 0.01 to 21.9

Average: 1.28

Blocks with positive BEV

43,060

Blocks with negative BEV

6,940

BEV (US$)

Lowest: -15,531.000

Highest: 18,625,482.800

Total positive BEV (US$)

53,914,225,979.920

Total BEV (US$)

53,819,387,407.039
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5.3 Procedure for implementing the Mineable Shape Optimizer

The Mineable Shape Optimizer is an algorithm developed to optimise underground
stope design. The MSO requires input of cut-off grade or value for a block model to be
able to define the optimal stope size, shape, and location of stopes for an underground
stope layout. Stope optimisation in MSO starts with the creation of thin slices in the
block model based on the slice interval set by the user. Each slice is a wireframe and
is assessed against the block model. These slices are created in the transverse
direction subject to dip and strike constraints. The model slices are used to create a
seed wireframe (shape) subject to stope and pillar parameters. Thereafter, the seed
wireframe is modified by stope shape annealing to create optimum stope shapes in
the block model. There are numerous parameters that need to be set in the MSO
optimisation process such as dip and strike control, stope and pillar dimensions, cut-
off grade or value and slicing method. The seed wireframe is created above the set
cut-off grade or value. The major setback of MSO is the specification of a cut-off, which
disrupts the optimality of the solution generated in mine design and planning (Erdogan
et al., 2016).

Appendix 8.3 (Figures 8.6 to 8.11) shows an example of the parameters considered
for the optimisation process using MSO. Once the run has completed, the results can
be viewed under the ‘Review’ tab in the MSO. The results window displays outputs
such as a detailed report, optimised wireframe, and other optional fields such as

verification wireframe.

5.4 Synthetic Platreef block model optimisation

A preferred stope dimension is one that has low dilution to maximise the ore recovered.
The main parameters considered during stope dimension design are the stope height
and stope strike length. According to Henning (2007), stope heights of 20m, 30m and
40m with a strike length of less than or equal to 15m exhibited low dilution, whereas a
sharp increase in dilution was observed when the stope length is between 15m and
20m, with a gradual increase in dilution being observed when the stope length is
beyond 20m. Erdogan and Yavuz (2017) used a stope height of 25m for the sublevels
citing limit of drilling accuracy of longhole drill rigs as the constraint. Furthermore,

Lawrence (n.d.) stated that the stope height usually does not exceed 25m because
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drill hole deviations start to occur beyond this length. The stope height is constrained

by the capabilities of the drilling equipment and drilling accuracy because drilling

inaccuracies increase as the stope height increases. Therefore, a strike length and

height of 20m and 25m, respectively were selected for minimisation of dilution.

According to Lawrence (n.d.), stope widths of less than 6m make drilling difficult for a

longhole mining method. Therefore, the stope width variations in this study were

limited to a minimum and maximum of 10m and 50m, respectively.

Table 5.2 presents the comparison of constraints considered by the MSO and the dual

interchange algorithm. The main differences between these two algorithms are that:

The MSO requires that minimum and maximum stope width be set, and it will
be used in the optimisation process where the output may contain various stope
widths. The dual interchange algorithm requires the setting of minimum and
maximum stope width, and it runs through the block model and selects an
appropriate stope width. The DIA then uses this appropriate stope width during
the optimisation process. The use of fixed a stope width ensures that
geotechnical considerations are not violated for extraction purposes and the
scheduling process is simplified.

The MSO requires that pillar dimensions be set while the DIA does not require
pillars to be defined when backfill is used, thus allowing for maximum extraction.
The MSO requires that the dip of the orebody be defined, and the dip of the
stope may vary by a certain amount specified by the user. This dip variation
may impact the layout orientation, thus negatively affecting the practicality of
extraction. The DIA applies a fixed dip of the orebody, thus the stopes
generated are aligned with the true dip of the orebody ensuring consistency in

the layout generated.
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Table 5.2 Main constraints of the MSO and dual interchange algorithm

MSO Dual interchange algorithm

Set optimisation field: grade or value Optimisation field: value

True Dip with varying orientation True Dip

Cut-off grade/value Cut-off set to zero measured as value

Set fixed/variable stope dimension Set fixed/variable stope dimension

Set pillars between stopes along optimisation field No pillars considered; skin-to-skin stopes desired

Stope orientations vary from true dip as per user input | Stope orientation is aligned to the true dip

Set accepted stope dilution (user dependent) Dilution incorporated in the calculation of BEV (mine

design dependent)

Unique stopes Unique stopes

Non-overlapping stopes Non-overlapping stopes

No specified number of iterations User specified number of iterations
Algorithm parameters cannot be varied Algorithm parameters can be varied

User can adjust the generated solution for further | User cannot adjust the generated optimal solution

refinement

Local or global optima cannot be tested Local or global optima can be tested by analysing the

output Gbest and iteration graph

5.5 Scenarios to demonstrate the performance of the DIA

Four scenarios were used to demonstrate the performance of the DIA in different
mining situations. The stope dimension constraints considered for the application of
MSO and the dual interchange algorithm are shown in Table 5.3. A cut-off value of
zero was selected to ensure that all stopes with positive stope economic value could
be included in the final stope layout and not to disrupt the optimality of the solution
generated. The other constraints considered in the optimisation process are as
discussed in Section 4.3.1 to 4.3.4. The pillars were not considered for this
optimisation validation because of the stope layout generated with pillars did not allow
for practical extraction without the user adjustments to the layout. Once the user
adjusts the layout for practical implementation, that may invalidate the optimality of the
layout. Furthermore, the mining method does not need pillars since the mined-out

stopes will be completely backfilled before adjacent stopes are extracted.
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Table 5.3 Input parameters considered for the optimisation problem

Scenario | Length (m) on x-axis Width (m) on y-axis Height (m) on z-axis
A 40

B 10-40

C 20 50 25

D 10 - 50

For each of the possible scenarios with stope dimensions listed in Table 5.3, runs were
generated in the MSO to determine the consistency of the best layout economic value
and it was found to be consistent for every run. Thereafter, the different possible stope
layout solutions for each scenario were compared with the solutions generated from
the DIA. The solution values for each scenario were plotted against the iterations to

identify the convergence of the solution values.

The synthetic Platreef block model contains 6940 waste blocks (i.e., blocks with a
grade value of zero). Using Equation 3.1 to calculate the BEV, if a number of waste
blocks are included in the optimum stope layout, the economic contribution is US $ -
15,531 per block given the economic constraints used in this study. The inclusion of
any block with a negative BEV in a stope reduces the economic value of that stope. If
a block is created outside of the spatial dimensions of the block model during the
optimisation process it is classified as dummy block. A dummy block is attributed the
same characteristics as a waste block. Figure 5.3 illustrates how dummy blocks get

included during the stope layout optimisation process.
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a) Hypothetical 2 x 4 x 2 block model b) Hypothetical 3 x 3 x 2 stope with dummy blocks

Figure 5.3 Hypothetical block model with dummy blocks

In an effort not to violate the stope dimension constraint, the MSO creates dummy
blocks outside of the block model where additional blocks are needed to complete a
stope. In Figure 5.3, a stope that has 3 x 3 x 2 blocks along the x, y, and z axes is
required. Therefore, an extra set of blocks is needed along the x-axis to accommodate
a stope length of 3 blocks, consequently creating dummy blocks. The dummy blocks
represented waste blocks outside the economic block model. Thus, they attract costs
associated with activities from extraction to refining if they are included in the optimum
stope layout. However, the MSO does not account for costs associated with activities
from extraction to refining for the dummy blocks. Thus, the MSO violates the optimality
principles when it creates stopes outside of the block model because the SEV
attributed to a stope will be less if the cost associated with mining dummy blocks is

included.

The following subsections present the outcomes of the optimisation process for each
case as generated by the MSO and DIA algorithms.

5.5.1 Scenario A optimisation results

Figure 5.4 shows the stope layout solution generated using MSO for Scenario A where
the stope has a strike length of 20m, height of 25m and stope width of 40m. Figure
5.4a represents the section view of the block model along the optimisation field. The

MSO creates stopes in waste ground that results in the reduction of the maximum
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value to be realised from mining the ore deposit (see Figure 5.4b). However, these
stopes in the waste ground (where there are no blocks in the economic model) do not
violate the cut-off value constraints. The MSO aggregates non-existing blocks to
complete the stope shape, these blocks are assigned a value of zero. However, these
blocks need to be extracted when the stope is mined. Thus, there are costs associated
with activities from extraction to refining that are not accounted for. These costs may

deem a stope uneconomic, consequently reducing the stope layout economic value.

Figure 5.4c presents the 3D block model and the optimised 3D solution from the MSO.
The block model has numerous blocks that have negative BEVs in the middle area,
hence, not many stopes were created in the middle part of the block model.
Nonetheless, the generated stopes pose a challenge in terms of planning the
production tunnels due to the pronounced overlap positions. Figure 5.4d depicts the
3D stope layout visualisation and shows that the stopes beyond the block model will
require a dedicated drilling tunnel which further increases the cost of extracting these
stopes. The MSO generated a solution that has a stope layout economic value (SLEV)
of US$ 35.87 billion from 217 stopes.
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Figure 5.4 Scenario A: visualisations of the optimum stope layout solution using the MSO with the legend showing SEV in USD
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The convergence of the solution of the DIA is shown in Figure 5.5 where the solution
was generated after 200 iterations. Therefore, it can be concluded that the solution is
not local optima, and the search space was well exploited. The visualisation of the
optimum stope layout solution to Scenario A using the DIA is presented in Figure 5.6.
The DIA generated a solution that has a SLEV of US$ 35.97 billion from 213 stopes.
All the stopes were created within the block model perimeter.

DIA Algorithm Performance

Best SEV

25

20

Global best layout (USD billion)

) = 50 5 100 135 150 175 200
Iteration number

Figure 5.5 Scenario A: optimum solution convergence using the DIA
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>

Figure 5.6 Scenario A: visualisations of the optimum stope layout solution using the DIA with the legend showing SEV in USD
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Table 5.4 presents a comparison of the MSO and DIA where the DIA generates an
optimum stope layout that is 0.3% more profitable than the MSO. The MSO generates
a solution at much shorter solution time than the DIA; this is alluded to the fact that
MSO only produces a single solution while the DIA generates several solutions before

determining the optimum solution.

Table 5.4 Scenario A: comparison of the optimum solutions generated by the MSO and DIA

Parameter MSO DIA

Maximum stope layout economic value (US $) 35,866,231,792.854 | 35,972,381,189.708

Number of stopes 217 213

Solution time (hh:mm:ss) 00:00:47 05:39:34

5.5.2 Scenario B optimisation results

Figure 5.7 shows the stope layout solution generated using MSO for Scenario B where
the stope has a strike length of 20m, height of 25m and varying stope width from 10
to 40m. The optimised layout has an average, minimum and maximum stope width of
37.9m, 14.1m and 40.4m, respectively. Figure 5.7a represents the section view of the
block model along the optimisation field. The MSO creates stopes in waste ground
that results in a reduction of the maximum value to be realised from mining the mineral
deposit (see Figure 5.7b). However, these stopes do not violate the cut-off value
constraints as they all have a positive stope economic value. The blocks outside the
block model are assigned an economic value of zero. However, the actual economic
value of these blocks is US$ -15,531 per block when costs associated with activities
from extraction to refining are accounted for. The inclusion of these costs may deem
the said stopes uneconomic and/or reduce the generated SLEV.

Figure 5.7c presents the 3D block model and the optimised 3D solution from the MSO.
The block model has numerous blocks that have negative BEV values in the middle
area, hence, not many stopes were created in the middle part of the block model.
However, the varying stope width increased the number of stopes in the middle when
compared to a fixed stope width of 40m. Nonetheless, the generated stopes present
a challenge in terms of planning the production tunnels due to the pronounced overlap
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positions. Figure 5.7d depicts the 3D stope layout visualisation and shows that the
stopes beyond the block model will require a dedicated drilling tunnel which will further
increase the cost of extracting these stopes. The MSO generated a solution that has
a SLEV of US$ 35.73 billion from 228 stopes.
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Figure 5.7 Scenario B: visualisations of the optimum stope layout solution using the MSO with the legend showing SEV in USD
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The convergence of the solution of the DIA is shown in Figure 5.8. The solution was
generated after 200 iterations. The visualisation of the optimum stope layout solution
for Scenario B using the DIA is presented in Figure 5.9. The DIA generated a solution
that has a SLEV of US$ 37.00 billion from 647 stopes. The DIA selected a stope width
of 10m, hence the number of stopes in the optimised layout is high. All the stopes were
created within the block model perimeter.

DIA Algorithm Performance

Best SEV

k.Y
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Global best layout (USD billion)
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Figure 5.8 Scenario B: optimum solution convergence using the DIA
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SEV_NSR( (model_10m_40m
(block model))

[ABSENT] I [3.94546e+007,5.83587e+007]  [9.61671e+007,1.15071e+008]
M [1.64622e+006,2.05504e+007] [ [5.83587e+007,7.72629e+007] [ [1.15071e+008,1.33975e+008]
[2.05504e+007,3.94546e+007] [ [7.72629e+007,9.61671e+007] [l [1.33975e+008,1.5288e+008]

Figure 5.9 Scenario B: visualisations of the optimum stope layout solution using the DIA with the legend showing SEV in USD
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Table 5.5 presents a comparison of the MSO and DIA where the DIA generated an
optimum stope layout that is 3.4% more profitable than the MSO. Furthermore, the
MSO generated a solution at much shorter solution time than the DIA; this is alluded
to the fact that the MSO only produces a single solution while the DIA generates

several solutions to determine the optimum solution.

Table 5.5 Scenario B: comparison of the optimum solutions generated by the MSO and DIA

Parameter MSO DIA

Maximum stope layout economic value (US $) 35,730,081,740.688 | 37,004,613,547.534

Number of stopes 229 647

Solution time (hh:mm:ss) 00:02:58 17:15:24

5.5.3 Scenario C optimisation results

Figure 5.10 shows the stope layout solution generated using MSO for Scenario C
where the stope has a strike length, height, and width of 20m, 25m and 50m,
respectively. Figure 5.10a represents the section view of the block model along the
optimisation field. The MSO creates stopes in waste ground that results in the
reduction of the maximum value to be realised from mining the mineral deposit (see
Figure 5.10b). However, these stopes do not violate the cut-off value constraints as
they all have a positive stope economic value. The blocks outside the block model are
assigned an economic value of zero. However, the actual economic value of these
blocks is US$ -15,531 per block when costs associated with activities from extraction
to refining are accounted for. The inclusion of these costs may deem the said stopes

uneconomic and reduce the generated SLEV.

Figure 5.10c presents the 3D block model and the optimised 3D solution from the
MSO. The block model has numerous blocks that have negative BEVs in the middle
area, hence, not many stopes were created in the middle of the block model. However,
the stope width of 50m created several stopes in the middle part of the block model
because the width is fixed, thus some blocks with negative BEVs had to be included.
Nonetheless, the generated stopes present a challenge in terms of planning the
production tunnels due to the pronounced overlap positions. From Figure 5.10d, the
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stope overlap in terms of position is pronounced which means some drifts will have to
be driven longer into the orebody to reach the selected stopes. Furthermore, the
stopes created outside of the block model will require a dedicated drilling tunnel during
mining, which increase the extraction cost. The MSO generated a solution that has a
SLEV of US$ 38.81 billion from 188 stopes.
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Legend
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B [180601,366554) I [738461,924414) [ [1.29632e+006,1.48227e+0086]
[366554,552507] [924414,1.11037e+006] M [1.48227e+006,1.66823e+006]

Figure 5.10 Scenario C: visualisations of the optimum stope layout solution using the MSO with the legend showing SEV in USD
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The convergence of the solution of the DIA is shown in Figure 5.11. The solution was
generated after 200 iterations. The visualisation of the optimum stope layout solution
to Scenario C using the DIA is presented in Figure 5.12. The DIA generated a solution
that has a SLEV of US$ 35.04 billion from 159 stopes.
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Figure 5.11 Scenario C: optimum solution convergence using the DIA
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Figure 5.12 Scenario C: visualisations of the optimum stope layout solution using the DIA with the legend showing SEV in USD




Table 5.6 presents a comparison of the MSO and DIA where the DIA generated an
optimum stope layout that is 9.7% less profitable than the MSO. Furthermore, the MSO
generated a solution at much shorter solution time than the DIA; this is alluded to the
fact that MSO only produced a single solution while the DIA generated several

solutions used to determine the optimum solution.

Since there are waste blocks within the economic block model, the stope width of 50m
made the DIA to generate numerous possible stope combinations to reduce the effect
of dilution from the internal waste. In addition, the GA optimisation process will take
longer because the termination criterion is based on lack of improvement in the
solution not a set number of iterations. The poor the new generation in terms of fitness,

the more generations are created to improve the quality of the best fithess value.

Table 5.6 Scenario C: comparison of the optimum solutions generated by the MSO and DIA

Parameter MSO DIA

Maximum stope layout economic value (US $) | 38,805,614,807.051 | 35,042,470,315.314

Number of stopes 188 159

Solution time (hh:mm:ss) 00:00:39 09:25:10

5.5.4 Scenario D optimisation results

Figure 5.13 shows the stope layout solution generated using MSO for Scenario D
where the stope has a strike length of 20m, height of 25m and varying stope width
from 10 to 50m. The optimised layout has an average, minimum and maximum stope
width of 46.2m, 10.2m and 50.5m, respectively. Figure 5.13a represents the section
view of the block model along the optimisation field. The MSO creates stopes in waste
ground that results in the reduction of the maximum value to be realised from mining
the mineral deposit (see Figure 5.13b). However, these stopes do not violate the cut-
off value constraints as they all have positive stope economic values. The blocks
outside the block model are assigned an economic value of zero. However, the actual
economic value of these blocks is US$ -15,531 per block when costs associated with
activities from extraction to refining are accounted for. The inclusion of these costs
may deem these stopes uneconomic resulting in a reduction of the generated SLEV.
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Figure 5.13c presents the 3D block model and the optimised 3D solution from the
MSO. The block model has numerous blocks that have negative BEVs in the middle
area, hence, not many stopes were created in the middle part of the block model.
However, the varying stope width increased the number of stopes in the middle.
Nonetheless, the generated stopes present a challenge in terms of planning the
production tunnels due to the pronounced overlap positions. Figure 5.13d depicts the
3D stope layout visualisation and shows that the stopes beyond the block model will
require a dedicated drilling tunnel which will further increase the cost of extracting
these stopes. The MSO generated a solution that has a SLEV of US$ 34.04 billion

from 181 stopes.
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Figure 5.13 Scenario D: visualisations of the optimum stope layout solution using the MSO with the legend showing SEV in USD
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The convergence of the solution of the DIA is shown in Figure 5.14 where the solution
was generated after 200 iterations The visualisation of the optimum stope layout
solution to Scenario D using the DIA is presented in Figure 5.15. The DIA generated
a solution that has a SLEV of US$ 37,11 billion from 161 stopes. The DIA selected a
stope width of 10m, hence the number of stopes in the optimised layout is high. All the
stopes in the layout were created within the block model perimeter.

DIA Algorithm Performance

Best SEV

5

5

20

Global best layout (USD billion)

) = 50 5 100 135 150 175 200
Iteration number

Figure 5.14 Scenario D: optimum solution convergence using the DIA
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SEV_NSR( (model_10_50m (block
model))

[ABSENT] [4.18313e+007,6.23098e+007] [1.03267e+008,1.23745e+008]
B [674183,2.13527e+007] I [6.23098e+007,8.27884e+007] [ [1.23745e+008,1.44224e+008]
[2.13527e+007,4.18313e+007] [8.27884e+007,1.03267e+008)] M [1.44224e+008,1.64703e+008]

Figure 5.15 Scenario D: visualisations of the optimum stope layout solution using the DIA with the legend showing SEV in USD
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Table 5.7 presents the comparison of the MSO and DIA where the DIA generated an
optimum stope layout that is 8.3% more profitable than the MSO. Furthermore, the
MSO generates a solution at much shorter solution time than the DIA; this is alluded
to the fact that MSO only produced a single solution while the DIA generated several

solutions used to determine the optimum solution.

Table 5.7 Scenario D: comparison of the optimum solutions generated by the MSO and DIA

Parameter MSO DIA

Maximum stope layout economic value (US $) 34,044,114,429.081 | 37,108,222,577.360

Number of stopes 181 677

Solution time (hh:mm:ss) 00:02:19 11:18:06

5.6 Summary of Chapter 5

The dual interchange algorithm was validated by comparing its results and
performance with that of MSO. The validation process was conducted to ascertain if
there has been any value added to the existing knowledge for mine planning and
optimisation of stope layout optimisation problem. Four scenarios (i.e., Scenarios A,
B, C and D) were used to test the robustness of the dual interchange algorithm. The
results show that the dual interchange algorithm generated superior results compared
to the MSO as summarised in Figure 5.16. The stope layout economic values
generated using the dual interchange algorithm were more profitable than MSO results

for Scenarios A, B and D, while the MSO produced superior results for Scenario C.

97



Comparison of MSO and DIA stope layout economic values
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Figure 5.16 Comparison of the performance of the MSO and DIA

In Scenarios B and D, the stope width is variable, and the DIA tends to produce
superior SLEV. The use of variable stope width is ideal in mine planning because the
orebody width is not regular, so it is ideal to have variable stope widths. The results
confirm that the architecture of the DIA is best suited for variable stope width as
discussed in Section 3.2, and the solution times in Tables 5.4 to 5.7 in the order of

several hours corroborate the argument presented earlier in Section 2.2 of this thesis.

The stope width for Scenarios A and C is fixed and the DIA tends to just out-perform
the MSO as in Scenario A or underperform the MSO as in Scenario C. Fixed stope
width is not ideal because the orebody is irregular, thus if the stope width is fixed,
waste is taken in and geological contacts may be violated creating a safety issue
during the ore extraction process. In addition, the DIA remained confined within the

block model (i.e., the DIA does not create dummy blocks outside the economic block
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model in its optimisation process). Since there are waste blocks within the economic
block model, the stope width of 50m resulted in the DIA generating numerous possible
stope combinations to reduce the effect of dilution from the internal waste. In addition,
the GA optimisation process will take longer because the termination criterion is based
on lack of improvement in the solution and not the number of iterations. If a new
generation is poor in terms of fitness, then more generations are created to improve

the quality of the best fitness value.

Although the DIA produced inferior SLEV for Scenario C, it should be noted that the
MSO included dummy blocks in the optimum stope layout which represent waste
blocks in a real mining environment. Therefore, the SLEV generated by the MSO wiill
be less than the one reported if costs associated with extraction, processing and

refining the dummy blocks are accounted for.

When analysing the four different scenarios, the solution time of the MSO is much
shorter compared to the solution time of the DIA. However, Figures, 5.5, 5.8, 5.11, and
5.14 indicate that the highest SLEV is achieved after about 50 maximum iterations.
This observation suggests that the DIA can have shorter running times by capping the
number of iterations to a maximum of 50. The next chapter discusses the findings of

the study and provide recommendations for future work.
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6 CONCLUSIONS AND RECOMMENDATIONS

6.1 Overview of Chapter 6

The aim of optimisation in an underground mining environment is to maximise the
value derived from the Mineral Resource through an appropriate mine design and
plan. However, the circular logic in underground mine planning makes it complex to
generate an optimum solution that satisfies all the constraints for generating an
optimum mining layout. There are various factors to consider when planning to exploit
a sub-surface orebody and these include factors such as location and sizing of
infrastructure and development, stope layout, production scheduling and equipment
selection. These factors are interdependent, however, to handle these factors
simultaneously will result in an intractable problem. Therefore, this study considered
only the stope boundary optimisation problem to generate a stope layout using a dual
interchange algorithm. This chapter presents conclusions from the optimisation
undertaken using the DIA. It then makes recommendations for mine planning and
optimisation of underground stope boundaries, presents the limitations of the study,

and recommendations for future work.

6.2 Conclusions and contribution to knowledge

This study presented an innovative technique, the DIA, to handle the complexity of
stope layout optimisation problem for underground mines. The dual interchange
algorithm employs the metaheuristics principles of the particle swarm optimisation
approach and the genetic algorithm; thus, it is metaheuristic by nature. A user-friendly
application was developed using Python programming language to implement the DIA
for different mining scenarios. This application allows the user to modify the input
variables for the economic block model development and for the algorithm
performance. However, manual changes of the source code are not permitted and do

not affect the performance of the algorithm.

The algorithm was implemented for a resource model that mimics the Platreef deposit
where four different types of minerals are to be extracted, i.e., 4E PGE. Four scenarios

(A to D) were defined to demonstrate the performance of the algorithm in solving the
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underground stope boundary optimisation problem. The solutions generated by the
DIA were more profitable by 0.3%, 3.4%, and 8.3% for Scenarios A, B and D compared
to those generated by the MSO, while the MSO generated a superior stope layout
economic value for Scenario C where it was 9.7% more profitable than the DIA
solution. Therefore, it can be concluded that the DIA obtained better solutions than
MSO when applied to an underground stope boundary optimisation problem under

variable stope width conditions as encountered in actual mining practice.

This thesis contributed to knowledge by firstly presenting an innovative way, the DIA,
for exploiting the strengths of two existing algorithms, the PSO and GA. In addition,
the DIA also presented an innovative way for handling variable stope width in stope
boundary optimisation problems.

6.3 Recommendations

The DIA algorithm generates better solutions for underground stope boundary
optimisation problem. Therefore, it is recommended that it is applied to other different
case studies. In addition, the DIA is still amenable to improvements to make it more

practical and acceptable in the mining industry. The author recommends that:

¢ Ways to reduce the computational time and computer memory requirements be
explored to make the DIA amenable to mine planning requirements in terms of
efficiency.

e The DIA be modified to be suitable for use in other mining methods because
only longhole stoping was considered in this study.

e Modification be made on the DIA code to accommodate cut-off grade to enable
optimisation process based on plant requirements.

e Stochastic techniques be used with this model to handle the input values
related to geological and economic uncertainties to improve the quality of the

optimised stope layout solution.

6.4 Limitations and recommendations for future research work

The major limitation of this study is that it considered the stope optimisation problem
as the main step in mine design, however, the circular logic complexity presents a

challenge is selecting the main area to optimise first. Furthermore, this study does not
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incorporate the other three optimisation sub-problems, i.e., infrastructure and
development layout, equipment selection and production scheduling.

Furthermore, there are numerous constraints to be considered for the extraction of
underground stopes such as the hanging wall and footwall orientation, provision of
pillars if no backfill is to be used, and changes in the dip of the orebody.
Accommodating all possible constraints would have made the optimisation problem
intractable and/or require large amount of computational capacity.

The number of iterations were also constrained to ensure that an acceptable solution

is generated in a reasonable amount of computational time.

Based on the foregoing observations and limitations, it is suggested that future

research work focuses on the following:

e Combination of all four areas of underground mine design in the optimisation
process.

e The current algorithm was tailor-made for a 4E Platreef deposit, thus, it can be
extended to include other mineral deposits.

e Scheduling of the optimised stope layout to generate net present value (NPV)
and establish how the scheduling might change the ‘snapshot’ economic value
to assess an extended planning exercise and determine which of the MSO and
DIA optimal stope layouts would result in better NPV.

e Extend the current developed interface to be a stand-alone visualiser which
would enhance the rapid visualisation process of the stope in 3D because the
current interface relies on external mine design software for complete
visualisation.

e In comparing the solution time in the four scenarios, the DIA took more time
than the MSO to solve the optimisation problem. Therefore, the DIA should be
modified to reduce the time taken to solve the optimisation problem to enable
its implementation in mining software packages. The modification can be
achieved by capping the number of iterations to a maximum of 50.
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8 APPENDICES

8.1 Python script for the dual interchange algorithm

Particle Swarm Optimisation algorithm script

o O o s W N R

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43

import csv

import random

from operator import attrgetter

from datetime import datetime

from entities.block import Block

from entities.particle import Particle
from stope_layout import StopelLayout
import pandas as pd

import matplotlib.pyplot as plt

#Print starting time

start_time = datetime.now()

def read_csv():
block_list = []
with open ("pseudoplatwithnegblocks_txt.csv", "r") as file:
reader = csv.DictReader (file)
i=1

for row in reader:

block = Block(i, float(row["XC"]), float(row["YC"]), float(row["ZC"]),

float (row["YINC"]), float(row["ZINC"]), float(row["BEV"]))
block_list.append (block)

return block_list;

def write_csv(stopes):
with open ("output.csv", "w", newline='', encoding='utf-8') as file:

writer = csv.writer(file)

float (row["XINC"]),

writer.writerow (["XC","YC","ZC", "XINC", "YINC", "ZINC", "XMORIG", "YMORIG", "ZMORIG", "NX", "NY", "NZ", "Stope

Density (t/m"3)","SEV (USS)"])

for stope in stopes:

writer.writerow([stope.x_c, stope.y c, stope.z_c, stope.x_inc, stope.y_inc, stope.z_inc,

stope.x_c, stope.y c, stope.z_c, stope.x_inc, stope.y inc, stope.z_inc, 0, 0, O,

class PSO:

def __init__(self):

self.df = pd.DataFrame (columns =[ 'Epoch',6 '"Best SEV' ] )
self.block_list = read csv()

self.min_x_c = min(self.block list,key=attrgetter('x_c')).x_ c
self.min_y ¢ = min(self.block list, key=attrgetter('y c')).y_c
self.min_z ¢ = min(self.block list,key=attrgetter('z_c')).z_c

stope.sev])

111



44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93

94 self.min_y orig, self.max y orig, self.min_z orig, self.max z orig,

self.max_x_c = max(self.block list, key=attrgetter('x_c')).

_C

self.max_y c = max(self.block list,key=attrgetter('y c')).y c

self.max_z c = max(self.block_list,key:attrgetter('z_c')).

print ("\nBegin DIA Optimisation\n")

print ("Goal is to maximise stope layout economic value")

dim = 5 #problem dimensions
num_particles = 25

max_epochs = 200

# Storing the Gbest for every iteration
self.epoch _list = []

self.best_sev_list = []

self.min_stope_length = 10.0
self.max stope length = 40.0
self.min_stope_width = 20.0
self.max_stope_width = 20.0

self.min_x_orig = self.min_x_c
self.max_x_orig = self.min_x_c
self.min y orig = self.min y c - 50.0

self.max_y orig = self.min y c
self.min z orig = self.min z ¢ - 20.0

self.max z orig = self.min z c

self.switcher pos = {
self.zero_pos,
self.one_ pos,

0
1
2: self.two pos,
3: self.three pos,
4

self.four pos

self.switcher vel = {
self.zero vel,
self.one_vel,
self.two_vel,

self.three_vel,

> W N B O

self.four_vel

print (f"\nSetting problem dimension to {dim}")
print (f"Setting num particles = {num particles}")
print (f"Setting max_epochs = {max_epochs}")

print ("\nStarting DIA");

_C

best_particle = self.solve(dim, num_particles, self.min_x orig, self.max_x_orig,

self.min_stope_length,

95 self.max_stope_length, max_epochs, self.min_stope_width, self.max_stope_width)
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96

97

98

99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147

print ("Best position/solution found:")
for i in range(len(best particle.best position)):

print (f"x{i} = {best particle.best position[i]}")
print (f"Final best SEV = {best_particle.best_sev}")
write_csv(best_particle.stope_layout.stopes)

print ("\nEnd DIA\n")

def sev(self, x):

return Stopelayout (x[0], x[1], x[2], self.max_x c, self.max y c, self.max_z_c, x[4], x[3], 20,

self.block_list)

def zero_pos (self):

return self.min_x_orig

def one_pos (self):
return random.randrange (0, (self.max_stope_length +

self.min_stope_length),self.min_stope_length) + self.min_y orig

def two_pos (self):

return random.randrange(5,25,5) + self.min_z orig
def three_pos (self):
return random.randrange (5, self.max stope length + self.min stope_length,

self.min_stope_ length)

def four_pos (self):

return random.randrange (5, self.max stope width + self.min_ stope width, self.min_stope_ width)

def zero_vel (self):

return self.min x orig * 0.1

def one_vel (self):

return random.uniform(self.min_ y orig, self.max_y orig) * 0.1

def two_vel (self):

return random.uniform(self.min z orig, self.max z orig) * 0.1

def three_vel (self):

return random.uniform(self.min_stope_ length, self.max_stope_length) * 0.1

def four_vel (self):

return random.uniform(self.min stope width, self.max stope width) * 0.1

def solve(self, dim, num particles, min x orig, max x orig, min y orig, max y orig, min_z orig,

max_z_orig, min_stope_length, max_stope_length, max_epochs, min_stope width, max_stope_width) :
# assumes existence of an accessible sev function and a Particle class
swarm = [None]*num particles
best_global position = [None]*dim # best solution found by any particle in the swarm

best global sev = 0 # bigger values better

particle_to_return = None
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148

{random position[2]} ~ stope length:

random position, error)

(curr p.best position([j] -

149 print ("\nSwarm Initialisation\n")

150 for i in range(len(swarm)) :

151 random_position = [None]*dim

152

153 for j in range(len(random position)):

154 random position[j] = self.switcher pos.get(j, "nothing") ()
155 print (f"\nInitial Particle {i + 1} position ~ z-min:

156 {random position([3]}\n")

157 print (f"\nNow: {datetime.now().strftime ('%d/%m/%Y %$H:%M:%S') }\n")
158

159 sl = self.sev(random_ position)

160

le6l error = sl.sev

162 random velocity = [None]*dim

163 for j in range (len(random velocity)):

164 random_velocity[j] = self.switcher vel.get(j, "nothing") ()
165

166 swarm[i] = Particle(random position, error, random velocity,
167 swarm[i].stope layout = sl

168

169 if swarm[i].sev > best_global_sev:

170 particle_to_return = swarm[i]

171 best_global_sev = swarm[i] .sev

172 best _global position = swarm[i].position[:]

173

174 # prepare

175 w = 0.8 # inertia weight

176 cl = 1.49445 # cognitive/local weight

177 c2 = 1.49445 # social/global weight

178 #double rl, r2; // cognitive and social randomizations

179 # double probDeath = 0.01;

180 epoch = 0

181

182 new_velocity = [None]*dim

183 new_position = [None]*dim

184 # double newSEV;

185

186 # main loop

187 begin_time = datetime.now()

188 while (epoch < max_epochs):

189 print (f"\nDIA iteration {epoch + 1}\n")

190 print (f"\nNow: {datetime.now().strftime ('%d/%m/%Y %$H:%M:%S') }\n")
191

192 for i in range(len(swarm)) :

193 curr_p = swarm[i] # for clarity

194 # new velocity

195 for j in range(len(curr_p.velocity)):

196 rl, r2 = random.random(), random.random ()

197

198 new_velocity[j] = (w * curr p.velocity[3j]) + (cl * rl *
199 curr_p.position[3j])) + (c2 * r2 * (best_global position[j] - curr_p.position[3j]))

114



200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
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228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251

curr_p.velocity = new_velocity[:]
# new position

for j in range(len(curr_p.position)):

new_position[j] = curr_p.position[j] + new_velocityl[j]

if j ==
if new_position[j] < min_x orig:
new_position[j] = min_x orig
elif new_position[j] > max_x_orig:
new_position[j] = max_x_orig
if j ==
if new_position[j] < min_y orig:
new_position[j] = min_y orig
elif new position[j] > max y orig:
new_position[j] = max_y orig
if j ==
if new_position[j] < min_z orig:
new_position[j] = min z orig
elif new position[j] > max z orig:
new_position[j] = max z orig
if j ==
if new_position[j] < min_stope_ length:
new_position[j] = min_stope_length
elif new position[j] > max stope length:
new_position[j] = max_stope_length
if j ==
if new_position[j] < min_stope_ width:
new_position[j] = min_stope_width
elif new_position[j] > max_stope_width:

new_position[j] = max_ stope_width

curr_p.position = new _position[:]

print (f"\nMoving Particle {i + 1} to new position\n")

print (f"\nNow: {datetime.now().strftime ('%d/%m/%Y %$H:%M

{curr p.position[3]}\n")

stope_layout = self.sev(new_position)
new_sev = stope_layout.sev
curr_p.sev = new_sev
curr_p.stope_layout = stope_layout

print(str(curr p))

if new_sev > curr_p.best_sev:
curr_p.best_position = new_position[:]

curr_p.best_sev = new_sev

if new_sev > best global_ sev:
particle_to_return = curr p
best _global position = new_position[:]

best_global_sev = new_sev

:%5') }\n")

print (f"\nParticle {i + 1} position ~ z-min: {curr_p.position[2]} ~ stope length:
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252

253 print (f"Iteration: {epoch + 1}")

254 print ("Best position/solution found so far:")
255 for b in range(len(best_global position)):
256 print (f"x{b} = {best_global position[b]}")
257 print (f"Best SEV so far = {best_global_sev}"
258

259 self.df.loc[epoch, 'Epoch'] = epoch

260 self.df.loc[epoch, 'Best SEV'] = best _global_sev

261

262 epoch += 1

263

264 # Counting iterations

265 print ("Remaining number of iterations", str(max epochs - epoch))
266

267 # Appending the epoch and best sev lists

268 self.epoch_list.append (epoch)

269 self.best_sev_list.append(curr_p.best_sev)

270

271 # Storing Gbest per iteration

272 best_sev_file =pd.DataFrame ()

273 best_sev_file["Epoch"] = self.epoch_list

274 best_sev_file["best sev"] = self.best_sev_list

275 best_sev_file.to_csv("Best_sev_output.csv", index = False)
276 print ("Best sev output saved")

2717

278 # show final swarm

279 print ("\nProcessing complete"

280 end_time = datetime.now() - begin_time

281 print ("Execution time is ", end_time)

282 print ("\nFinal swarm:\n")

283 for i in range(len(swarm)) :

284 print(str(swarm([i]))

285

286 return particle_to_return

287

288 pso_run = PSO()
289
290 df = pso_run.df

291 df['Epoch'] = pd.to_numeric(df['Epoch'])
292 df['Best SEV'] = pd.to_numeric(df['Best SEV']/1000000000)
293

294 #plt.close()

295 plt.figure (figsize=(15,10))

296 plt.ylim = None

297 plt.plot( 'Epoch', 'Best SEV', data=df, color='skyblue',6 linewidth=2)
298 #

299 plt.title('DIA Algorithm Performance', size=20, y=1.)
300 plt.xlabel ('Iteration number', size=15, y=1.)

301 plt.ylabel ('Global best layout (USD billion)', size=15)
302

303 plt.legend()
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304 plt.savefig('DIA Algorithm Performance.png')

305 plt.show ()

306

307 # Print time
308 end_time = datetime.now ()
309

310 print ("Optimisation initialisation time: "

311 print ("Optimisation completion time:",

312 solution_time = end time - start time

313 print("Solution time: ", Solution_time)

Genetic algorithm scripts

1

2

import random

3 from .genome import Genome

4

5

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

def _ init_ (self, population_size, chromosome_id and_sizes, get_random gene, fitness_function, elitism,

class GeneticAlgorithm:

mutation_ rate, repair=None):

self.population = []
self.generation = 0
self.best_fitness = 0.0
self.average_ fitness = 0.0

self.elitism = elitism

self.mutation_rate = mutation_rate

self.repair = repair

self.best_genome = Genome (chromosome_ id and sizes, get_random_gene,

for x in range (population_size):

start_time)

end_time)

g = Genome (chromosome_id and sizes, get random gene, fitness_function,

if self.repair is not None:
self.repair(qg)

self.population.append(qg)

def nengeneration(self):

if len(self.population) <= 0:

return

if len(self.population) > 0:

self.calculate_fitness()

self.population.sort (key=lambda x:

new_population = []

for i in range(len(self.population)):

if 1 < self.elitism:

x.fitness,

new_population.append(self.population[i])

else:

reverse=True)

fitness_function, False)

True)
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38 # https://gamedev.stackexchange.com/questions/116832/random-number-in-a-range-biased-toward-the-low-end-of-

39 the-range

40 indexl = int (abs(random.random() - random.random()) * len(self.population)
41 parentl = self.population[indexl]

42 index2 = int (abs(random.random() - random.random()) * len(self.population))
43 parent2 = self.population[index2]

44

45 child = parentl.crossover (parent2)

46

47 for chromosome in child.chromosomes:

48 chromosome.mutate (self.mutation_rate, i)

49

50 if self.repair is not None:

51 self.repair(child)

52

53 new_population.append(child)

54

55 self.population = new population

56

57 self.generation += 1

58

59 def calculate_fitness(self):

60 fitness_sum = 0

61 best = self.population[0]

62

63 for i in range(len(self.population)):

64 fitness_sum += self.population[i].calculate_ fitness (i)
65

66 if self.population[i].fitness > best.fitness:

67 best = self.population[i]

68

69 self.best genome.fitness = self.best fitness = best.fitness
70 self.average fitness = fitness_sum / len(self.population)
71

72 for chromosome in best.chromosomes:

73 chromosome_to_update = next ((x for x in self.best genome.chromosomes if x.id == chromosome.id), None)
74 if chromosome to update is not None:

75 chromosome_to update.genes = chromosome.genes|:]

Chromosome script

1 import random

class Chromosome:
def _ init (self, id, size, get_random_gene, population_index, should_init_genes=True) :

self.id = id

O W O o U W N

self.size = size
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10 self.genes = [None]*size

11 self.get_random _gene = get random_gene

12

13 if should init_genes:

14 for i in range(self.size):

15 self.genes[i] = self.get_random_gene ()
16

17 def mutate(self, mutation_rate, population_index):
18 for i in range(self.size):

19 if random.random() < mutation_rate:

20 self.genes[i] = self.get_random gene ()

Genome script

1 #Genetic algorithm

2

3 # Genome class

4

5

6 import random

7 from .chromosome import Chromosome
8

9 class Genome:

10 def _ init (self, chromosome_id_and_sizes, get_random gene, fitness_function, should init_genes=True) :
11 self.chromosome_id_and_sizes = chromosome_id_and_sizes

12 self.get random gene = get random_gene

13 self.fitness_function = fitness_function

14 self.chromosomes = []

15 self.fitness = 0.0

16

17 for chromosome_id, size in chromosome_id_and_sizes.items():

18 new_chromosome = Chromosome (chromosome_id, size, get_ random_gene, should init genes)

19 self.chromosomes.append (new_chromosome)

20

21 def calculate fitness(self, index):

22 self.fitness = self.fitness_function (index)

23 return self.fitness

24

25 def crossover (self, other parent):

26 child = Genome (self.chromosome_id and_sizes, self.get_random gene, self.fitness function, False)
27

28 for chromosome_id, size in self.chromosome_id_and_sizes.items():

29 my_genes = next((x for x in self.chromosomes if x.id == chromosome_id), None).genes

30 other_ parent_genes = next ((x for x in other_ parent.chromosomes if x.id == chromosome_id),

31 None) .genes

32 child genes = next((x for x in child.chromosomes if x.id == chromosome_id), None) .genes
33

34 for i in range(len(my_genes)):

35 if random.random() < 0.5:

36 child genes[i] = my genes[i]

119



37
38
39
40

else:

child genes[i] = other parent genes([i]

return child

Level optimiser
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import random
from ga.genetic_algorithm import GeneticAlgorithm
from entities.point import Point
from entities.rectangle import Rectangle
from entities.stope import Stope

class LevelOptimiser:

def _ init_(self, max_stope_origin points, min_x, max_x, min_y, max_y, level,

self.max_points = max stope origin_points;

self.min_x = min_x;
self.max_x = max_x;
self.min_y = min_y;
self.max_y = max_y;
self.level = level;
self.stope_x dimension = stope_x dimension;

self.stope_y dimension = stope_y dimension;

self.population_size = 100;

self.mutation rate = 0.2;

self.elitism = 2;

self.ga = GeneticAlgorithm(self.population_size, { 1: self.max points },

self.fitness_function, self.elitism, self.mutation_rate)

def run(self):
can_continue = True

while (self.ga.generation and can_continue):

self.ga.newigeneration()

self.ga.best_genome
self.create_stopes(g)

can_continue = False if not s else True

print (f"Optimising level:{3} - Gen:{0} | Best Fitness: {1} |

self.ga.best_fitness, self.ga.average fitness, self.level.z)

genome = self.ga.best genome
stopes = self.create_ stopes(genome)
return stopes

def get_random_point(self):

x = random.uniform(self.min_x, self.max_ x)

Average Fitness:

stope_x_dimension, stope_y dimension):

self.get_random point

{2}", self.ga.generation,
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44 y = random.uniform(self.min_y, self.max_y)

45 return Point(x, y)

46

47 def fitness_function(self, index) :

48 genome = self.ga.population[index]

49 stopes = self.create_stopes(genome)

50 return sum(s.sev for s in stopes)

51

52 def create_stopes (self, genome):

53 stopes = []

54 rectangles = []

55 local blocks = self.level.blocks[:]

56

57 for gene in [g for c in genome.chromosomes for g in c.genes]:

58 rect = Rectangle(gene.x, gene.y, self.stope x dimension, self.stope_y dimension)
59 if any(r.intersects_with(rect) for r in rectangles):

60 continue

61

62 rectangles.append (rect)

63 stope = Stope(gene.x, gene.y, self.level.z, self.stope x dimension, self.stope y dimension, self.level.z_ inc)
64

65 for 1b in local blocks:

66 overlap = lb.xy rectangle.intersect (stope.xy_ rectangle)

67 if overlap.area >= 0.0 and overlap.area > lb.xy rectangle.area * 0.3:
68 #1f overlap.area > 0.0:

69 stope.blocks.append (1b)

70

71 #local_blocks = [x for x in local blocks if x not in stope.blocks]
72 if stope.sev > 0.0:

73 stopes.append (stope)

74

75 return stopes

Stope optimiser

1 # Stope optimisation
2 import math
3 from entities.level import Level
4 from entities.rectangle import Rectangle
5 from level optimiser import LevelOptimiser
6
7 class Stopelayout:

8

9 def _init_(self, x_orig, y orig, z_orig, x _max, y max, z_max, x_inc, y_inc, z_inc, all blocks):
10 self.x orig = x_orig

11 self.y orig = y orig

12 self.z_orig = z_orig

13 self.x_max = x_max

14 self.y max = y max
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15 self.z max = z_max

16 self.x inc = x_inc

17 self.y inc = y_inc

18 self.z_inc = z_inc

19 self.all blocks = all blocks

20 self.levels = []

21 self.stopes = []

22

23 self.generate_levels()

24 self.optimise_levels ()

25

26 def generate levels(self):

27 local _blocks = self.all blocks[:

28 level count = math.ceil((self.z max - self.z orig) / self.z inc)
29 print (f"Level Count {level count}")

30 print (f"local blocks Count {len(local blocks)}")

31 for i in range(level_count):

32 level = Level (self.z orig + float(self.z_inc * i), self.z_inc, [], Rectangle(self.x orig,

33 self.z _orig + float(self.z_inc * i), self.x max + self.x inc - self.x orig, self.z_inc)

34

35 for 1b in local blocks:

36 overlap = lb.xz_rectangle.intersect (level.xz_rectangle)

37 if overlap.area > 0.0 and overlap.area > lb.xy rectangle.area * 0.1l:

38 level.blocks.append (1lb)

39 1b.appended_to_level = True

40

41 print (f"level blocks Count {len(level.blocks)}")

42

43 local _blocks = [x for x in local blocks if x not in level.blocks]

44 self.levels.append(level)

45

46 #find first block not appended

47 first _not_appended = next((x for x in local blocks if not x.appended_to_ level), None)
48 #find out why not added to one of the levels

49 if first_not_appended:

50 print (f"Found! x_c: {first not_appended.x_c} z_c: {first not_ appended.z_c} x_inc:

51 {first not appended.x inc} z_inc: {first not appended.z_inc}")

52 for 1 in self.levels:

53 print (f"x: {l.xz rectangle.x} y: {l.xz rectangle.y} length: {l.xz rectangle.length} width:
54 {l.xz_rectangle.width}")

55 overlap = first not_appended.xz_rectangle.intersect (l.xz_rectangle)

56 print (f"Overlap area: {overlap.area}l")

57

58 exp_l = next((x for x in self.levels if first not_appended.z_c - x.xz_rectangle.y > 0.0), None)
59 print (f"level blocks Count {len(exp_l.blocks)}")

60 for a in exp l.blocks:

61 print (f"x_c: {a.x_c} z_c: {a.z_c}")

62 pass

63

64 for b in local blocks:

65 if not b.appended to_level:

66 print (f"Found! x_c: {b.x_c} y c: {b.y c} x_inc: {b.x_inc} z_inc: {b.z_inc}")
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67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83

def optimise levels(self):

print ("optimising levels")
max_x_origin_points = math.ceil ((self.x_max - self.x orig) / self.x_inc)
max_y origin_points = math.ceil((self.y max - self.y orig) / self.y inc)

max_stope_origin_points = max_x_origin_points * max_y origin_points

i=1
for level in self.levels:
print (f"optimising level{i}")
i+=1
level optimiser = LevelOptimiser (max_stope_origin_points,
self.y max, level, self.x_inc, self.y inc)

self.stopes.extend(level optimiser.run())

@property
def sev(self):

return sum(s.sev for s in self.stopes

self.x _orig, self.x max,

self.y orig,
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8.2 DIA interface layout

This section presents the guidelines to using the stope optimisation application based on
the dual interchange algorithm. Figure 8.1 shows that the first step in the optimisation
process is to upload the geological block model file which must be in a csv format. Table

8.1 shows the data required in the geological block model in each column and its data

type.

Menu

Choose file RRilENe =]

Submit

Figure 8.1 Geological block model upload
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Table 8.1 Description of columns in the geological block model

Column Heading | Sl Unit | Description Data Type
XC m X coordinate of a block in the block model Float
YC m Y coordinate of a block in the block model Float
ZC m Z coordinate of a block in the block model Float
XINC m Block width Float
YINC m Block length Float
ZINC m Block height Float
XMORIG m Origin of the block model along the X-axis Float
YMORIG m Origin of the block model along the Y-axis Float
ZMORIG m Origin of the block model along the Z-axis Float
NX - Number of cells needed in X-axis Float
NY - Number of cells needed in Y-axis Float
NZ - Number of cells needed in Z-axis Float
VOLUME m?3 Space occupied by a block in 3D Float
DENSITY t.m3 Material density of a block Float
SEV uss Stope economic value Float

After the geological block model file has been uploaded, its content is immediately

displayed on the screen below the “Geological Block Model Upload” tab. Figure 8.2

depicts the input parameters required to create an economic block model by calculating

economic values for individual blocks. Once the user has input the required parameters,

the user must click on the “Create economic block model” tab and after the creation

process is complete, the user can display the created block model for visualisation

purposes.
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BT .

Parameter Value

Refining Cost ($/1) \:I

Extraction Cost ($/t) \:I
Concetration Cost ($/t) \:I

Recorer 9 I
Dilution (%) \:I
Proasion) E—

Pree s E—

Grade factor (%) \:|

[ Display Economic Block Model

Figure 8.2 Economic block model creation

Figure 8.3 shows the interface for implementation of the stope dimension and dip of the

orebody. The stope dimensions may be fixed or varied along the x- and z-axes and are

fixed along the z-axis to ensure that the level constraint is not violated.

Minimum ‘ ‘ | | ‘ ‘

Maximum ‘ ‘ | | ‘ ‘

Fued | | | | | |

Parameter X (m) Y (m) Z (m)

Figure 8.3 Stope dimension input
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Figure 8.4 illustrates the stope optimiser implementation where the user has to specify

the input parameters for the dual interchange algorithm. After the user has defined the

parameters according to specific requirements, the user must click on the “Optimise” tab

to initialise the optimisation process to generate the optimum stope layout. The stope

optimiser generates all possible stopes and extract stopes with positive stope economic

values (SEVs) while constrained by the set constraints such as level, non-overlap and

unique stopes constraints.

Menu

Inertia weight ‘
Cognitive acceleration coefficient ‘
Social acceleration coefficient ‘
Iterations

Dimension

Particles

Parameter Minimum

Maximum

Fixed

]
]
]

Figure 8.4 Specification of the DIA optimisation parameters

After the optimisation process is complete, the generated global best economic stope

layout output is summarised as shown in Figure 8.5. The detailed output of the global

best solution is saved as a csv file in the database. The user can use the generated csv

file to create a prototype of the block model which can be visualised in the MSO module

in Datamine software.
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Menu

Parameter Value

Optimum stope layout economic value ($) \:I
Solution time (hh:mm:ss) \:I

Figure 8.5 Global best economic layout solution
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8.3 MSO application procedure

Economics Crientation

Zi% & = & §

Shape Controls Refinement Materials | Options Sensitivities Run

€| K

Review

Scenarios
‘ Global Settings |
T
L N

xstrike_20_40_25

ijkgen

Active Scenario: |x5h'1'ke_2l]_40_25 -

sove

Density Field

Dip and Strike Controls
Default Values

@ Apparent Dip/Strike ) True Dip/Dip Direction

Default Dip Default Strike

L use Cynamic Dip and Strike Control
® Use Control Surface
Triangle File IE
Point File IE

) Use Model Fields

Default Dip ¥ | Default Strike N
Cata Fields
'Field Mame | Default| Report| Accumulation | Category| Scaling
VIOUME | 0 [] | weightbymass | no 1
TOMNMAGE 0O ] | weightbymass | no 1
4E-GRADE | 0 [] | weightbymass | no 1
GRADEFA O ] | weightbymass | no 1
PRICEFA 0O [] | weightbymass | no 1
Field20 0 ] | weightbymass | no 1
Field21 0 [] | weightbymass | no 1
Additional Reporting Fields Used: 0
Cutput Stopes

Wireframes File Name (tr/pt) |x5trike_20_40_25_stﬂpe5 |

Cutline Strings File Name |x5trike_2t]_40_25_out|ines |

Figure 8.6 Stage 1: stope optimisation scenario definition

Default ‘3.1 | .

W
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3

Run Rewi

Active Scenario: | M5O application procedure * ‘ Save ‘

Optimization Method for BEV(S)

Objective
® Maximize Stope Grade/Value Above Cutoff (Recornmended)
) Maximize Total Metal/Value

Methad
() Cut-off Grade
@) Cut-off Value
) Calculated Value

Cut-Off
(@) Discrete

) Variable
() Walue fram Block Madel

[ ] Use Head Grade Target

enable option to view settings

Figure 8.7 Stage 2: optimisation objective function definition
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H Link Multiple ~

Scenarios|Economics |Orientation| | Shape Controls Refinement Materials | Options Sensitivities Run Close B
MSO & OQutside Q] Back
Define Configure Execute Close Control Surface
M50 [¥) 5“9/'@ 3D T,a, Eiles [ Plots ~ X Quick Filter a x
L] Active Scenario: | xstrike_20 4025 + | x
o
2| 30view ® Column:
@

Model Visualization

|

Model Filtering
Filter to Cutoff |0

Apply Legend | <No Legend>

Framework Extents

® Same as Black Model ) Manual Definition

Ams| Origin | Max ‘ Distance Rotation‘ Axls| Anglel

X 7642595 -7641950 645 1 Z 0
Y 742720 742900 180 2 Y 0
Z 1100 -1040 60 3 X 0

Extents Visualization

Import Extents From Block Model

| Select Block Model

Model Prototype

Axis

Origin | Max ‘ Distance

X -7642595 -7641950 645

Psss  (jkgen

n v |

Block Model

Command

EEes 1 Records in File C:\Users\a00l033€\OneDrive - University of
srand)\DESKTOP 2021l\pseudcoPlat\Case 2_2 <
==> STATS Complete <<<

0_15_10_40\msostatsoutput.dm <

Witwater

_X_Coord

All None | [] Unique

verlays
fj Slock Models
model_xstrike (block mi

o

1 command | B Output aDesurvey Report

model_xstrike (block mo = VLOUME = 0 7 ) % s B Y

Figure 8.8 Stage 3: parameters for stope-shape framework specification
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Contrals Refinement Materials | Options Sensitivities Run Review

Scenarios|Economics Orientation

Active Scenario: ‘xsh'ike_Zﬂ_-i-D_ZS “ ‘ Save ‘

Framework Type

Slice Methed - Vertical - Stopes Along Framewark X Axis (XZ)

Section and Level Intervals

slEals [ G

(@ Standard Frameworks () Advanced Frameworks
Sections (U)
® Fixed

Increment Number

20 33

) Variable

Levels (V)
® Fixed

Increment Number

25 3

) Variable

) Gradient Strings

) Polytube Strings
[] Use Ore Development String Controls

enable option to view settings

[] Use Structure Surface Wireframe

enable option to view settings

Figure 8.9 Stage 4: stope generation process definition
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Scenarios Economics Orientation

Active Scenario: ‘xsh'ihe_ZD_ij ) ‘ Save ‘

Base Case Sensitivities

wstrike_20 4025

[] Auto start runs (from top of queus) Max Concurrent Runs: | i ‘ CREATE RUNS ‘

In Progress / Failed

Displays runs that are in progress or failed

Queue

Displays runs that have been created but haven't started

Figure 8.10 Stage 5: stope-shape framework specification
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Scenarios

B
| Active Scenano: ‘ xstrike_20 40 25 ‘ Save |
w0
@
@ Base Case Sensitivities
xstrike_20_40_25
[] Auto start runs (from top of queue) Max Concurrent Runs: ‘ L | CREATE RUNS ‘

In Progress / Failed

o

xstrike_20 40_25 Il Show Detail

Status  Processing (4 % complets)

Queue

Displays runs that have been created but haven't started

Figure 8.11 Stage 6: execution of an MSO run based on the defined scenario
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