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Abstract
In underground mining, there are missing links among mine planning, mining machines and
mineral processing. They have signiﬁcantly affected the overall performance of the entire
mining process. There have been quite few studies aiming to improve the mining process of
underground mines. In underground mines, mobile mining equipment is mostly scheduled
instinctively, without theoretical support for these decisions. Furthermore, in case of
unexpected events, it is hard for miners to rapidly ﬁnd solutions to reschedule and to adapt the
changes. Furthermore, the underground mining process is constrained by the geometry and
geology of the mine. The various mining operations are normally performed in series at each
working face. The delay of a single operation will delay the starting time for the next process
and the completion time of the entire process. Moreover, safety stock of mining production is
kept to prevent stock-out, due to the existence of high uncertainty in mining operations and
various unforeseen geological conditions. Any shortage of ore supply from its mine would cause
the insufﬁcient utilization of the mill and ﬁnancial loss. Mining production has its own
features, which require a tailor-made strategy of safety stock.
This dissertation has reviewed a wide range of the optimization techniques used in mine
planning and scheduling, as well as analyzed other techniques which are used to solve the
problems jointly. A technical package of decision support instrument is proposed and described
to address the above issues. The software structure, input/output, and related algorithms of
scheduling are presented. It also presents a new approach to the process control for
underground mining. Additionally, a real options technique was developed to determine the
safety stock of mining production.
The proposed methods were tested by using real data of the Kittilä mine located in Finland.
The result suggests that the proposed methods can improve the working efﬁciency and reduce
the working time of the underground mining. It shows the critical operations can be detected
and the completion time can be estimated more accurately. It also shows that the real options
approach can provide miners with a more accurate and reasonable result, and also give a useful
indicator for a mine's future production planning.
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Tiivistelmä
Maanalaisessa kaivostoiminnassa esiintyy puutteita suunnittelun, tuotannon sekä rikastuksen
välillä. Nämä puutteet vaikuttavat merkittävästi kaivostoiminnan kokonaisvaltaiseen
suorituskykyyn. Tutkimuksia maanalaisen kaivoksen suorituskyvyn parantamiseksi on
kuitenkin julkaistu vain vähän. Maanalaisissa kaivoksissa tuotantokalusto aikataulutetaan
usein vaistonomaisesti, ilman teoreettista tukea päätöksille. Tämän lisäksi kaivoksissa
sattuvien odottamattomien tapahtumien takia, työnjohtajien on vaikea löytää tehokkaita
ratkaisuja nopeasti, uuden optimaalisen aikataulun luomiseksi. Maanalaisen kaivoksen
tuotantoa rajoittaa kaivoksen rakenne ja geologia. Maanalaisen kaivoksen eri operaatiot
pyritään tavallisesti toteuttamaan sarjassa peräkohtaisesti. Tämän seurauksena yhdenkin
operaation pitkittyminen viivästyttää seuraavan operaation alkua ja tämä edelleen koko
prosessin valmistumisaikaa. Kaivostoiminnassa malmia varastoidaan maanpäälle
varmuusvarastoihin. Tämä takaa rikastamon tarvitseman jatkuvan syötteen ja suojaa
tuotantoketjua seisakeilta. Varmuusvarastojen tarve selittyy louhinnan korkeasta
epävarmuudesta, sekä ennalta arvaamattomista geologisista olosuhteista. Mahdolliset vajeet
malmintuotannossa heikentävät rikastamon tehokkuutta tai jopa pysäyttävät tuotannon.
Kaivoksen epäsäännöllinen malmintuotanto voi siten johtaa merkittäviin taloudellisiin
tappioihin. Kaivostoiminnalla on piirteitä, jotka vaativat siihen tarkoitukseen räätälöidyn
ratkaisun varmuusvarastojen määrittämiseksi.
Tässä väitöskirjassa on tutkittu monia kaivos-suunnittelussa ja aikataulutuksessa käytettyjä
optimointimenetelmiä. Yllämainittuja ongelmia varten esitellään tekninen ratkaisu auttamaan
päätöksenteossa ohjelmiston avulla. Ohjelmiston rakenne ja ohjelmiston käyttämät algoritmit
esitellään. Tämä tutkimus esittelee myös uuden lähestymistavan maanalaisen kaivoksen
tuotannonohjaukseen. Tämän lisäksi, reaalioptio-menetelmä kehitettiin määrittämään
vaadittu malmin varmuusvarastotaso.
Esitellyt menetelmät on koestettu käyttäen Kittilän kaivokselta saatuja todellisia parametreja.
Tulokset osoittavat, että ehdotetut menetelmät parantavat merkittävästi työtehokkuutta ja
samalla minimoivat käytetyn työajan maanalaisissa prosesseissa. Menetelmien avulla
pystytään havaitsemaan kriittiset operaatiot sekä arvioimaan operaatioiden valmistumisaika
tarkemmin. Tulokset osoittavat myös, että reaalioptio-menetelmä tarjoaa työnjohtajille
tarkemman ja perustellun ratkaisun. Tämä toimii myös hyvänä mittarina kaivoksen
tulevaisuuden tuotantosuunnittelulle.
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List of Abbreviations and Symbols

a

left endpoint of variable’s domain

b

right endpoint of variable’s domain

c

mode

TPD

tonne(s) per day
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mixed integer and linear programming
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safety stock
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safety factor
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mean of demand
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mean of lead time
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L

lead time
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T

due time

t
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et n,k-1

end time of machine k-1 at face n

et n-1,k

end time of machine k at face n-1

mt n,k

moving time of machine k from face n-1 to face n

ot n,k

operating time of machine k at face n

4

Introduction

st

start timestamp of the entire operations

R i,j

mucking rate at Working Face I assigned for Dumping Site j

P min

pre-set minimum mucking rate

Ml

payload of truck or LHD loader

v

velocity of truck or LHD loader

Ni

amount of haulers at Working Face i, integer

Nj

amount of haulers at Dumping Site j, integer

nj

amount of working faces assigned for Dumping Site j, integer

d i,j

distance between Face i and its Dump j

tl

loading time

td

dumping time

Ti

mucking time at Face i

Mi

ore mass at Face i

Dj

receptive capacity at Dump j

SS t

ore stock at time t

F

mill’s average feed

Yt

mine’s yield at time t

ı

standard deviation of yield

r

ore loss rate
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1. Introduction

1.1

Background and Motivation

Modern mining is a systematic process of exploiting minerals from the earth to
derive benefits for the mankind. To improve the benefit and recover the investment of a mine, it is important to optimize the mining process. It is also
important to keep the process in an optimal/near-optimal manner to obtain
the target of the overall mining plan. There have been real-time optimization
implemented for plant-wide operations in process industry; however, there
have not been anything similar developed for underground mines. There have
been several unit operations (e.g. crushing, conveying and hoisting) which
have used real-time control systems, but these systems are mostly at the machine-level instead of a mine-wide level. Several unique features of underground mining limited the use of optimization in the mine-wide scale. For instance, the complicated structure of underground mines cause high expenses
for underground communication and tracking systems, while 3D mine models
would inevitably require high performance hardware for data processing. Additionally, lack of miners’ information technology skills and lack of interoperability among individual control systems would also make the mine-wide use
less viable. With the development of Information and Communications Technology (ICT), the above technical barriers have gradually broken. There are
increased demands for improving the operation performance of underground
mining process. Real-time monitoring and scheduling for underground mining
should be managed optimally and promptly, as is commonly done for surface
mining operations. It is likely that rapid gathering of operating information
and intelligent application are the norm for future mines. Today, we can find
many footprints of ICT in mining operations, both for surface or underground,
e.g., communication and monitoring. In general, the prerequisites of optimizing mine-wide mining process are near mature.
There are not many relevant studies found which cover the entire mining
process of underground mining. Normally, underground mining operations
are much more complicated and diverse compared with surface mining. The
difference is mainly caused by mining methods, and the complexity is due to
additional constraints required for underground mining. In underground mining operations, mobile mining machines are mostly scheduled instinctively,
without theoretical support for these decisions (Horsley, 2000). It can cause
less confidence for miners and less efficient operations. Additionally, foremen
in each shift may change the schedule based on their own experiences, if they
9
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do not agree with the existing schedule. It is difficult to keep the operations
consistent. Furthermore, in case of unexpected events, it is hard for miners to
rapidly find solutions for a new schedule and to adjust the operations. Therefore, there is a need to develop a decision support instrument which can assist
miners to initiate the schedule of mobile mining equipment, and rapidly reschedule these machines when unexpected events occur. Figure 1 shows that
scheduling (incl. re-scheduling) can be a considerable part (more than 10%) of
total working time, even in modern mines, such as Falconbridge and Boliden.

Figure 1. Time delay impacts for typical excavation practices with drilling and blasting (Kenzap
et al. 2007)

Process control is the automatic control of the output of a process according to
the pre-set target by adjusting related variables of the process based on rules
and models. It has been routinely applied in plant-wide process in minerals
processing. It can also be used to achieve mining objectives. However, mining
engineers have not implemented process control on a mine-wide scale for underground mines. Mineral processing is normally described as being in a continuous state which can be expressed using partial differential equations. Mining operations are normally implemented in a serial (e.g. drilling, bolting) and
cyclic (mucking) process, which is comprised of many discrete-events and requires an iterative procedure to represent the operations. Therefore, the techniques of process control that have been proven and widely used in minerals
processing are not immediately suitable for mining operations.
It is conceptually more difficult to utilize the concepts of process control for
underground mining than surface mining. Underground mining is often required to invest more on cable-based communication and tracking systems,
instead of using the existing wireless and GPS techniques which are the inherent advantage of surface mining. Additionally, underground mining has more
various discrete operations than surface mining. The process of surface mining
can be monitored visually and even controlled institutively by changing the
10
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working rates and the amount of haulers at each open pit. There have been
several commercial products available in the market, for surface mines to obtain optimal or near-optimal results. However, the process control of underground mining has not been that formed as in surface mining, because of the
complexity of development and production phases of underground mines.
Although Howes and Forrest’s work (2012) has practically realized the underground communication, integrated the mine-wide data, and established the
efficient reporting system, there is still a need for an approach to controlling
the process of underground mining operations of mobile machines. In manufacturing industry, the Lean Manufacturing and Six Sigma theories are mostly
used in the management of product quality and work organization. Due to the
very high uncertainties inherent in underground mining operations, it is not
efficient and sufficient to only apply such theories in mining. Uncertainty has
always been a factor in mining and many decisions traditionally rely on the
experience and judgment of mine operators (Horsley and Medhurst, 2000). In
order to reduce the impact of personal experiences on the decision-making,
and to improve the efficiency of the work process, it is required to develop an
approach for the process control in underground mining. The approach should
consider the uncertainty related to underground mining.
In mining production there are high uncertainties, mainly categorized as
geological and operational. The geological uncertainties are mainly described
in terms of ore grade, tons and quality, while the operational uncertainties
normally derive from equipment failure and safety issues. The uncertainties
cause discrepancies between planned and actual yields, which run through the
entire life of a mine. Vallee (2000) reported that 60% of the mines surveyed
had experienced fierce fluctuation of productivity in earlier stage of mining
production. Rossi and Parker (1994) reported volatility of yields against expectations also appeared in later stage of mining production. The discrepancies
can be narrowed by using e.g. more comprehensive exploration, more due diligence feasibility study, more effective mining planning, more predictive
maintenance of equipment, but cannot be thoroughly eliminated. The uncertainties of mining production can result in an unreliable supply of ore to its
downstream – mineral processing. Mineral processing is used to concentrate
the property of interest in ore for next operation, e.g. metallurgical processing
for producing metal. Mineral and metallurgical processing is normally in continuous state. Such a process is designed with a specific range of capacity,
which tolerates limited fluctuation of quantity and quality of its feed. The refinery normally sells its commodity in future market and contracts long-term
with the mill. The mill usually requires a reliable supply from the mine in order to provide the refinery with a stable input. Therefore it is obvious that the
supply from the mine to the mill is the weak link in this supply chain. Any
shortage of ore supply from the mine would cause poor quality of concentrates,
insufficient utilization or even shutdown of the mill. An unreliable supply from
the mine could lead to considerable financial loss.
In brief, there are missing links among the mine planning, machine operation, and mineral processing. (Fig.2)

11

Introduction

Figure 2. Missing links (solid circles) in the existing optimizations (hollow circles) for underground mining

1.2

Aim and Scope

The aim of this study is to develop a technological package of decision support
instrument to build up the missing links and optimize the performance of underground mining process among the mine planning, machine operation, and
mineral processing (Fig.2).
The decision support instrument should be able to schedule the mobile mining equipment for improving the overall efficiency of the entire underground
mining process. The research problem of the missing link ‘Schedule’ is to find
a solution to decide when which mining machine will work at which working
face. This problem can practically be solved by heuristic algorithms. It requires
finding a suitable algorithm structure and customizing it for underground
mining process. It can initiate schedules of mobile mining equipment for
foremen on a shift-to-shift basis, as well as propose solutions of new schedule
when encountering unexpected events that can disturb underground mining.
These events can consist of, but are not limited to: seismicity, rock failure, underground flood, shortage of power/air/water at working faces, breakdown of
equipment (including mobile and immobile equipment), etc. In order to complete the scheduled mining process in due course, it needs an approach to the
process control in underground mining. This can be solved by rerunning the
scheduling instrument. The decision support instrument should also consider
the uncertainty related to underground mining, be able to detect critical operations, and provide foremen with probabilistic completion time of each operation. The research problem of the missing link ‘Critical Operation’ is to find a
solution to correctly detect which operations are critical in the whole mining
process, correctly estimate the completion time and possibility of critical operation. This problem can be solved by deriving a new time estimate model and
modifying the existing methods based on mining practice. Additionally, in order to provide the mill with reliable ore supply and reduce the risk of financial
loss caused by stockout, the decision support instrument should have a more
accurate function which is tailor-made for mining industry to determine safety
12

Introduction

stock for mill feed. The research problem of the missing link ‘Stock Analysis’ is
to find a solution to more accurately forecast the required amount of blended
ore. It can be solved by taking advantage of the other industries and developing a new model based on mining practice.
Underground mines consist of various operations. The complexity of the operations can considerably affect how easy it is to implement the techniques
and how useful the output is. It is crucial to define a proper scope of the study.
Firstly, the approach is confined to the operations in hard rock mining. Coal
mining as a continuous method already has technical solutions which have
been supplied by many manufacturers for automated operation. Secondly, the
approach is supposed to be applicable for all underground hard rock mining
methods, though it is tested in a case study using open stoping. Thirdly, exploration and closure obviously do not relate much to day-to-day mine operations.
In most cases, development and production take place simultaneously, and
most of the mobile mining equipment is used for these two stages. Therefore,
the study should cover the operations of excavation and production.

13

2. State of the art

The production in the process industry is normally described as continuous
state, mainly being expressed as partial-differential-equations. However, the
mining process normally consists of many discrete events and requires iteratively arrange the process. Therefore the optimization techniques that have
been proven and are widely used in the process industry are not suitable for
mining. Actually, mining process can be considered as subsections of shortterm planning and scheduling, with a shorter time domain. This section reviews the commonly used optimization techniques for mine planning and
scheduling, as well as the other techniques of interest which are used to jointly
solve the problem. In fact, the optimizing goals of surface mining and those of
underground are slightly different. Surface mines normally have great freedom
to optimize the pit limits and pushbacks, without having to give much consideration to the mine structure, therefore the emphasis is on maximizing the ore
body and improving shovel-trucks efficiency. Underground mining is usually
constrained by lack of space, complicated mine structure and it consists of
many complicated operations. Therefore it mainly focuses on maximizing the
exploitation of each face and the sequencing and timing of unit operations on
each face. To manage uncertainties of various operations, discrete event simulation is normally used as the analytic tool for modeling What-If scenarios.
Having been developed for decades, optimization techniques can be divided in
many categories. (Publication 1)

2.1

2.1.1

Review of optimization techniques used in mine planning and
scheduling
Linear programming

Linear programming has a structured equation set to analyze linear models, in
order to achieve an optimum result of utilizing limited facilities in various activities. In the mine process, the optimum result typically is defined as maximum profits or minimum unit costs per sales unit. In some special cases, the
result may demand a maximum tonnage or a specific blended ore grade within
a specific period. Today the linear programming method is seen as sufficiently
developed for the field of mining. There are plenty of research projects and
case studies available in mine planning and scheduling.

15
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In surface mining, this technique has so far been used widely to decide the
ultimate pit limit. The most well-known application was created by Lerchs and
Grossmann in 1965 and is the one most often seen in literature. They used a
maximum-weight closure algorithm to produce an optimal solution. This
method is exact and well computable for open-pit design. Because of the fast
computing time and solution accuracy of its algorithm, it is widely-used as
commercial software dealing with open-pit mine design. Linear programming
has also been used in truck dispatching for surface mining. Weintraub et al.
(1987) used linear programming-based heuristics to route multiple trucks with
various capacities to minimize queuing time at loading points, which resulted
in about 8 % increase in productivity at the Chuquicamata mine. White and
Olson (1992) studied a truck-dispatching system based on network models,
linear programming, and dynamic programming. The study aimed to maximize production, minimize material handling, and guarantee blending constraints. The method is used to determine mass flows along paths. This system
has been running in real-time applications in more than 10 mines and has increased their productivity by 10–20 %. A well-known dispatching system,
DISPATCH, developed by White and Olson, is utilizing this technique. This
system first solves a sequence of two linear programming problems to establish a short-term plan, which is constantly updated in routine. The planning is
based on the current status of mine operations, reflecting the locations and
availability of shovels, ore quality at faces and stockpiles, and operational status of the processing plant. Linear programming could still be used in ore
block sequencing. Jawed (1993) used the technique to determine the amount
of ore to be extracted. The production rate and the ore grade have improved
and the costs have reduced from the predicted values. Also Winkler (1998)
used linear programming, to determine the amount of ore to be extracted in
each period from each block, where the linear programming solves a model for
each corresponding period.
Combined with integer programming, linear programming has been developed into MILP which can be applied in many cases in mining. MILP is almost
identical to linear programming in the mathematical form, except that some or
all of the variables used in the technique are represented as integer. A great
amount of work has been done using MILP and associated algorithms since
the late 1960s. The first MILP model was developed by Johnson (1968) and is
still valid and widely used today. Dagdelen (1993) described an application of
cutoff grade optimization algorithm to a gold deposit, and proposed the MILP
approach as a schedule and cutoff grade optimizer. The MILP approach has
been successfully applied to large-scale gold mines with complex process flows
at Newmont’s Nevada operations.
2.1.2

Heuristic approaches

In engineering, heuristics is an experience-based method to solve a problem
where an exhaustive search of explicit optimum is impractical or consumes too
much time. The heuristics is intended to improve the efficiency of optimization,
within reasonable time, achieving a reasonable accuracy and precision. It ne16
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glects whether the solution can be proven to be optimum, but it usually produces a satisfactory solution within a proper time. In the heuristic model, successive iteration depends upon the previous step, and the heuristic model
learns which paths to pursue for the solution and disregards other paths. Thus,
instead of finding out all possible solutions, a heuristic approach selects paths
more likely to produce practical outcomes than other paths. In practice, the
heuristic approach is often used to aid in quick estimates and preliminary process designs. Heuristic techniques which are commonly used in mining include
genetic algorithm and neural networks.
Genetic algorithm is a type of evolutionary algorithm, which is inspired by
the process of natural evolution. This technique is routinely used to generate
useful solutions for optimization or near optimization. Denby and Schofield
(1994, 1995) investigated this algorithm for both surface and underground
mining. They applied genetic algorithms to maximize net present value and
optimize extraction schedule simultaneously. The work was comprised of the
generation of random populations, extension of standard genetic operators to
optimize multi-dimensional problems, application of practical constraint functions and the introduction of the scheduling/time element, system testing and
validation. Though it was found that the complexity of the optimization procedure would be dramatically increased by the inclusion of a time constraint, the
processing rates of computers can allow the manipulation and processing of
the data within a realistic time even in that case. This technique can be used in
grade control as well. Samanta (2005) aggregated blocks into layers and used a
genetic algorithm to heuristically solve the block sequencing problem, while
Ataei and Osanloo (2003) used it to determine cutoff grades. Genetic algorithm is also employed in dispatching systems. Yu et al. (2011) studied how to
solve an open vehicle routing problem by using fast local search and parallel
computing of a genetic algorithm, in order to minimize the number of vehicles
and the total transport distance or time. This method does not only improve
the ability of optimization in a global scale, but also ensures the effectiveness
of operation in a coal mine.
Neural network mimics the structure and/or functional aspects of biological
neural networks. It consists of an interconnected group of nodes, processing
information by an intercommunicating and interacting mechanism. This technique also is one of the most widely-used techniques of artificial intelligence.
Neural networks are used widely in the mining industry, including reserve
estimation, process control, machine health monitoring, ventilation optimization, and mine planning. Karacan (2007, 2008) developed an approach using a
longwall coal reservoir model and an artificial neural network for predicting
methane inflows and optimizing ventilation air to maintain methane concentrations below statutory limits. This approach not only considers economical
operation but also takes occupational risks into account. Results show that an
integrated neural network model with reservoir simulations is a practical and
powerful tool for predicting methane emissions and optimizing ventilation in
the coal mine.
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2.1.3

Dynamic programming

Dynamic programming is used to optimize a dynamic process by analyzing the
process in multiple but serial stages. Each stage is optimized for achieving the
holistic optimization of the entire process. The optimization of each stage depends on the previous one and also affects the following one. This technique
does not have a mathematical formulation where a generalized algorithm can
be applied to derive a solution. Instead, it is a systematic procedure to create
and analyze mathematical relations among the multiple stages in the analyzed
process.
Dynamic programming is quite frequently applied in mining, as shown in the
following cases. Dynamic programming can assist in optimizing the allocations
of belt conveyors or in mine planning and scheduling. Sevim and Lei (1998)
used dynamic programming to describe how the ultimate pit limits, the cutoff
grade, the block sequence, and the production rate in surface mining interact
circularly. The design can be evaluated with respect to NPV. Dowd and Onur
(1993) used dynamic programming for block sequencing and pit design. The
production schedule can generate a need for additional haul roads after the pit
design has been created, so that users can select a design based on various
economical and geological criteria. Tan and Ramani (1992) combined linear
programming with dynamic programming to schedule extraction over multiple
periods subject to equipment capacity constraints. Erarslan and Çelebi (2001)
determined a production schedule to maximize NPV, subject to such factors as
grade, blending, and production constraints. They used dynamic programming
to calculate various volumes and determine the optimal pit size. Like White
and Olson optimized dispatching by using dynamic programming described
before, McKenzie et al. (2008) provided a method to locate a feeder for a conveyor. Break-even was the proximity of the feeder to the mine vs. the time
spent to relocate the feeder, as mining moves forward. The problem has been
solved as a shortest-path model by dynamic programming. Implementing the
method leads to a reduction of about 14 % of operational cost at the mine.
2.1.4

Queuing theory

Queuing theory is a mathematical study of queues, used as a stochastic method.
The theory primarily describes waiting lines and associated servers. In the case
of a stochastic process, the theory can characterize a waiting line such as queue
length, waiting time, and idle time of servers. Most queuing models commonly
have four components: arrivals, queues, servers, departures. Therefore related
operations can be optimized by analyzing the servers (optimum number, efficiencies, locations, etc.) and queue priorities. In a mine operation, the classic
example is trucks waiting in line to be loaded. This theory can assist in evaluating the selection and arrangement of trucks and shovels.
There are many reports of using queuing theory to study mine operations,
especially for the loading-hauling cycle. Kappas and Yegulalp (1991) analyzed
the steady-state performance of a typical open-pit truck-shovel system within
a network of haul roads, by using queuing theory. All trucks were enclosed in
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the system, even during repair and maintenance. The haul roads were assumed to have infinite capacity. The authors simulated the process, verified
the accuracy, and presented a numerical example. Huang and Kumar (1994)
used queuing theory in a stochastic model, to optimize the number of loadhaul-dump (LHD) machines by considering their performance and price,
maintenance costs, operators’ salaries, etc. A case study was presented, and it
claims that the queuing model is accurate for calculating the optimal number
of LHDs which would be sufficient for that mine production. Binkowski and
McCarragher (1999) optimized the number and size of stockpiles to maximize
throughput. Trains, stockpiles and ships were included in their system, while
parameters included arrivals and departures, and the capacities of trains,
stockpiles and ships. Their study has illustrated the performance of a stockyard by varying the parameters. Najor and Hagan (2006) used queuing theory
to model the stochastic process of a shovel-truck-plant system. It analyzed idle
time and predicted throughput. Its numerical results demonstrated that the
reduction of queuing could increase production by about 8%.
In summary, the linear programming, heuristic approaches, dynamic programming and queuing theory are the commonly used optimization techniques in mine planning and scheduling. The suitability of linear programming
has been successfully proven in open-pit mine design, cut-off grade determination, and for dispatching equipment in surface mines. However, this technique
has not been examined for underground mining operations and shorter time
domain, i.e. for the real-time use. The linear programming and queuing theory
are the useful tools for the production control of underground mucking operation. Using the linear programming, it arranges the loaders and trucks, while it
also optimizes the queue and minimizes the waiting time by using the queuing
theory. On the other hand, the heuristic approaches and dynamic programming are the ideal tools to schedule mobile mining machines for underground
mining. So far both techniques have been mostly used to maximize NPV, sequence blocks, and plan equipment location. To use these techniques for
scheduling mining machines, it is necessary to modify them according to mining practice.

2.2

2.2.1

Review of other techniques for using in mining process optimization
Flexible flow shop

The essence for improving underground mining performance is basically a
question of finding the extreme value of the objective function under a number
of constraints. In view of the practical needs of the mining industry, the objective function is normally the entire working time of a certain workload, which
is to find a schedule with the minimum working time to complete the desired
workload. This is a Flexible Flow Shop (FFS) problem, but not the typical one
which has been studied before. (Publication 3)
The FFS problem can be solved by branch and bound algorithms (Salvador,
1973) and by mixed-integer-linear programming (Sawik, 2002). Such a meth19
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od provides an exact solution which guarantees optimality. However, the exact
solution can only be derived from small-scale instances (two-stage production).
For large-scale FFS problems, these approaches take considerable time to obtain a solution. Heuristic or metaheuristic algorithms are needed for solving
the large and complex FFS problems as they are Non-deterministic Polynomial-time (NP) hard for all conventional methods (Kurz and Askin, 2004).
Early studies of heuristic applications focused on the simplified FFS case
with only two stages. The worst and average performance of algorithms was
assessed for finding minimum makespan, based on Johnson’s rule (Gupta,
1988, Sriskandarajah and Sethi, 1989). It was concluded that the longest processing time dispatching rule gives better results than the shortest processing
time rule for two-stage makespan problem (Guinet et al., 1996). A scheduling
method was investigated to minimize the makespan in a static flow shop with
multiple processors. The method first generates an initial permutation schedule and then uses the first-in first-out (FIFO) rule to schedule the processors
(Santos et al., 1996). Gourgand et al. (1999) use simulated annealing algorithms to a realistic industrial FFS problem. Jin et al. (2006) propose two approaches to generate the initial job sequence with identical parallel machines
and use a simulated annealing algorithm to improve the job sequence. Nowicki
and Smutnicki (1998) consider a tabu search algorithm to solve the FFS
makespan problem. Genetic algorithms have been broadly used in many previous studies. A genetic algorithm was developed to generate job sequences
with minimum makespan (Jin et al., 2002). Another genetic algorithm was
developed to minimize the makespan including sequence-dependent job setup
times. It is used in all production stages, and outperformed for more than twostage production (Kurz and Askin, 2004). Cheng et al. (1995) address the rapidness/tardiness scheduling problem with identical parallel machines, by using a genetic algorithm. Ruiz et al. (2005) also use a genetic algorithm for the
permutation of FFS scheduling problem with sequence-dependent setup times.
Serifoglu and Ulusoy (2004) developed a heuristic algorithm to schedule several machines to simultaneously work for an operation of a stage to minimize
the makespan.
These approaches are mainly concerned with processing industries (e.g. textile, automobile assembly, printed circuit board manufacture, painting and
packaging) which have multi-stage production with parallel machines at each
stage. The purposes of the approaches are to increase the overall capacity or to
balance the capacities of some stages, or to eliminate/reduce the impact of
bottleneck stages. However, these approaches do not consider the distance
between working places. Furthermore, they do not assign machines into different geographic areas; therefore, machines can work near to each other.
However, this can risk the safety at an underground mining operation. For
example, it is not recommended to have two drill rigs working close together.
It is not possible to develop one single algorithm to obtain the schedule. It is
required to develop and combine several algorithms based on real-world mining practice to cover the entire underground mining process.
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2.2.2

PERT and CPM

Program Evaluation and Review Technique (PERT) (Clark, 1962; Malcolm et
al., 1959) and Critical Path Method (CPM) (Kelley, 1961; Kelley and Walker,
1959) are the first and so far the most prevailing scheduling techniques in project management. The PERT is a network-like scheduling technique, developed for the process control system for the development of the Polaris Missile
Project. The Polaris project eventually included 23 PERT networks encompassing approx. 3000 activities. CPM is a computerized scheduling technique
to improve the planning, scheduling, and reporting of DuPont’s engineering
programs (including plant maintenance and construction projects). Normally
both techniques are jointly used by the following steps: (Publication 4)
(1) Identify the specific activities to be scheduled;
(2) Determine the specific sequence of the above activities;
(3) Construct the network diagram;
(4) Estimate the time required for each activity;
(5) Determine the critical path;
(6) Update the network diagram and the critical path along with the progress
of the activities.
The path with the longest duration of time from the start to the end is referred as the critical path. Any process cannot be completed sooner than the
time accumulated on the critical path in the network. The estimation of the
duration of each activity is the key factor in the PERT/CPM. The durations are
deterministic. It is rare to have such certainty in practice. The PERT/CPM
would not have any practical value if it could not give a convincing method to
estimate the durations of every activities. The PERT defines stochastic variables on activity durations which are assumed as independent to each other. It
has been a common standard to assume that the activity durations follow the
PERT-beta distribution. First and most important, the PERT-beta distribution
is found more realistic than the other types of distributions, after investigating
the shapes of all the other distributions. The PERT-beta distribution is continuous, but without the predetermined shape. It enables skewing the shape
based on the time estimates given. The duration is not negative, and the
PERT-beta distribution can only have positive domain, unlike some other distribution (e.g. normal distribution). The values of the probabilistic density at
the endpoints of the domain of the PERT-beta distribution are zero, instead of
tending to infinity. Furthermore, the three time estimates (optimistic, most
likely, and pessimistic time) are indeed available in practice, and the mean and
variance can be approximated by using the three time estimates. Additionally,
the easy input requirements relatively boost the prevalence of the PERT-beta
distribution, rather than others.
2.2.3

Safety stock and real options

An unreliable supply from a mine could lead to considerable financial loss.
Safety stock is inventory for preventing stockout, if there is stochastic demand
and/or supply. It buffers the inventory in time during the lead time of supply.
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The classic model of determining safety stock is given by Silver and Peterson
(1985): (Publication 5)

ܵܵ = ܼඥ(ߤ ߪଶ ) + (ߤ ߪ )ଶ

(1)

So far, the research of safety stock has mostly focused on the study of the
variability of demand and lead time, base stock, and the modeling of the multiechelon chain, while the application areas are mainly in the retailing and manufacturing industries. However, the mining industry has its own features,
which require modification to the above method. In the above method, there
are two major assumptions in the determination of safety stock: firstly, the
lead time and demand follow normal distribution; secondly, the lead time and
the demand are independent of each other. Furthermore, the determination of
safety stock does not intend to eliminate all stockout, just for a certain level of
confidence. For example, when setting a 95% service level, there will be approximately a 5% chance to expect a stockout. However, these assumptions
and settings are vital in the mining industry. Stockout is not tolerated in ore
supply; otherwise, it can cause financial loss. Additionally, in mining production, it is quite hard to justify that the lead time (i.e. the delivery timespan of
ore) and demand (the required amount of ore) are independent of each other.
Actually, the decline of demand often concurs with the delay of lead time (i.e.
the decline of ore supply). In mining production, the lead time and demand
are fixed; therefore, the amount of ore in every delivery is variable. It is also
questionable to assume the lead time and demand are normally distributed,
because the lead time often becomes longer as a mine becomes more excavated
until new facilities (ore pass, conveyor and hoist) are installed. There are many
studies simply taking the assumption of normal distribution for granted, however, without justification through reasonable sampling and data processing.
According to central limit theorem, a sufficient number of random variables
will follow a normal distribution. It may be feasible under the condition of rather long lead times (Mattsson, 2007), but it is often invalid in real-world situations and can have considerable impacts on the safety stocks and service levels, especially for the cases with short lead times (Vernimmen et al., 2008).
The approximation of normality is generally unwarranted in reality and the
misuse can produce a probability of stockout in error (Eppen et al., 1988).
In mining production, the demand of the mill is often static, while the supply
of the mine is exposed to random yields. The financial loss caused by unreliable yields could be too high to neglect the variance of the yields. Given the
great need for an inventory policy for mining industry, there has been surprisingly little work on determining safety stock for mining production. Although
the classic model is able to account for both the variability of supply and demand in setting safety stock value (Talluri et al., 2004), it does not meet with
the practice of mining production.
The uncertainties of a mine’s supply and mill’s demand seem to be the same
thing. The mill thinks the stockout is caused by the mine’s supply uncertainty,
while the mine thinks the stockout is caused by the mill’s demand uncertainty.
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Given this, it seems that if the demand side is considered in the inventory, it
will easily adapt the supply side. This can partly explain why literature on demand uncertainty significantly overwhelms those on supply uncertainty. The
uncertainty of a mine’s supply is actually reflected by the uncertainty of lead
time in the classic model (Eq.1). For mining production, the variance of lead
WLPH ǋ D ı L )2 LVUHSODFHGE\WKHYDULDQFHRIRUHVXSSO\ı S 2L. Since the lead time,
supply and demand are not independent of each other, the total variance
should be (ɐଶୈ + ɐଶୗ + ʹɏɐୈ ɐୗ )L. Furthermore, stockout is not tolerated; thereIRUHWKHVHUYLFHOHYHOVKRXOGEHDSSUR[LPDWHGWR=LVZKHQWKHVHrYLFH OHYHO LV  WKHUHIRUH = FDQ EH DSSUR[LPDWHG WR  LH ĭ-1(99.87%).
Under the above conditions, assuming demand and supply follow normal distribution, the numerical model for determining safety stock of mining production is given in Eq.2.

ܵܵ = (ߤ െ ߤௌ ) ܮ+ 3ඥ(ߪଶ + ߪௌଶ + 2ߩߪ ߪௌ )ܮ

(2)

Normally the mill’s demand is constant, Eq.2 can be written in Eq.3

ܵܵ = (ߤ െ ߤௌ ) ܮ+ 3ߪௌ ξܮ

(3)

Because real options are specifically developed to handle uncertainty, and
ore supply does not necessarily follow normal distribution, it is worth to develop a new safety stock model based on the real options method. Option is the
right to execute an underlying asset by the due date of the asset.
Financial options have been widely applied in the financial market. By the
due date, an option holder can claim the right from a counter party, if the status of the underlying asset is in favor of the holder’s own interest. The option
cost is a premium paid to the counter party when the option is bought. The
most well-known pricing formula (Eq.4) of the option was first developed and
published by Black and Scholes (1973). The fluctuation of the value of the underlying asset is a stochastic process, which is specifically a Wiener process,
a.k.a. Brownian motion process, following a logarithmic normal distribution
(i.e. logarithmic variable follows a normal distribution).

ܥ௧ = ܵ௧ ߔ(݀ଵ ) െ ି ݁ܭబ (்ି௧) ߔ(݀ଶ )
మ
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A real option is the right to handle (e.g. contract, abandon, expand, switch)
an underlying real asset. Real option valuation was first defined and developed
by Myers (1977). It was further used as a prevailing method to evaluate opportunities associated with the possibility of changing decisions, in order to solve
uncertainty during utilizing real assets (Gertner, et al., 1999). It can assist the
decision process and improve management flexibility for many industries. It
has been widely used to assess the value of a mining project using the BlackScholes model.
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Mayer et al. (2007) have reviewed the applications of real options valuation
used for mining production, and described several real options developed for
solving the uncertainties commonly seen in mining: e.g. capacity option, shutdown option, and sequence decision option. However, these options mainly
use the Monte Carlo simulation instead of the Black-Scholes model. It requires
iteratively running simulations instead of directly using formulas, which making the solving process cumbersome to mining practitioners. There are also
studies investigating real options for inventory management. Stowe and Gehr
(1991) provide a financial approach to managing inventory. A replicating portfolio was designed for the inventory by comparing the value of a portfolio of
securities, with payoffs which replicate those of the inventory policy to the inventory investment. It can establish a net present value for the inventory using
this approach. Chung (1990) provides another option pricing model, where the
inventory payoffs are a linear function of demand, with a joint logarithmic
normal distribution of demand and discount rate. Fernandes et al. (2010) use
real options and model a new indicator with items’ classification. They prove
that overstock can be calculated and optimized, and there is a link between the
demand quantity and volatility with the stock value. Huang et al. (2012) optimize retailers’ inventory levels and maximize expected net profit, using real
options (an actuarial approach instead of risk-neutral one). Simulations of
assumed cases are presented and reveal the correlation between demand and
price, and the volatility has significant impacts on the optimal inventory level.
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3.1

3.1.1

Schedule optimization for mobile machines of underground
mining
Inputs and output of the schedule optimization

In general, the long-term mining plan and the short-term mining plan interact
with each other. One needs to be updated with the changes in the other. The
exact duration of long-term and short-term are not clearly defined in practice,
because their meanings are different for each mine. Under a short-term plan,
normally there are weekly plans that provide mine operators with more details
to achieve the goals set by the short-term plan. Furthermore, a weekly plan is
distributed to the department of operation. The weekly plan mainly consists of
two working contents: heading (i.e. working face where excavation takes place)
and stope (i.e. working face where production takes place). (Publication 2)
The input from the working face can be categorized in two groups. One group
has Boolean values from electricity, water, air, drainage, ventilation and seismicity which can determine whether headings and stopes are available for development and production or not. The other group has boundary values, e.g.
crusher feed rate, conveyer payload, and stockpile capacity which can mainly
constrain the operating rate.
The development of ICT enables the establishment of interactions between
the schedule optimization and mobile mining equipment. The mobile mining
equipment should report the current status and receive orders proposed by the
schedule optimizer. The status of equipment can be available (idle) and unavailable (busy, repair, etc.), and the unavailable time of repair should be estimated by operators. To propose an optimal schedule to foremen, the instrument needs many working parameters from mobile machines, e.g. moving
speeds, drilling time per blast-hole, charging time per blast hole, scaling time
per m2, shotcreting time per m2, curing time, and bolting time per bolt, etc. It
is noted that there are normally moving speeds and operating rates recommended by manufacturers for underground mining. It is ideal to obtain the
working parameters by statistical analysis from historic data. In practice, it is
also important to estimate working parameters by experienced operators.
The output produced by the schedule optimizer should be useful to assist decision making and schedule mobile mining machines for short term. The results should be simple, compact, rapidly available, and easy to understand for
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miners. They should be integrated in a Gantt chart showing when a specific
machine should work on a specific working face. The output can assist foremen in initiating a schedule and renewing the schedule when encountering
disturbances in underground mining operations.
3.1.2

Algorithms of the schedule optimization

Algorithms are the core part in the schedule optimization. The inputs are actually constraints. It is noted that constraints from ore grade (i.e. the ratio of
mineral in ore) are neglected, because ore grade should have been considered
in mining plans and guaranteed by ore grade control (e.g. face assaying, stockpile blending) in each shift. The costs of consumables (such as explosive, drill
air, and drill water) are not considered as constraints, because they eventually
have to be consumed regardless of their prices and should have been taken
into account in the cut-off grade when making mining plans. The consumption
of fuel, which is mostly determined by vehicle mileage, is actually already involved in the constraint of working time. The operating time of mobile mining
machines is determined by the workload and operating rate. Therefore, by
minimizing the entire working time, it will reduce not only the waiting time of
mobile machines, but also the moving distance from one face to another,
which indirectly reduces the fuel consumption.
Sequencing algorithm
In underground mining the difficulty of scheduling the different underground
mining operations is to optimally assign many tasks to various operations for
many mobile mining machines. Unlike the conventional method which is to
decide whether the next operation should work immediately or wait, a sequencing algorithm is developed with a compact and agile code structure.
There has been a method using a search of a critical path in a directed graph
(Pinedo, 2011). However, this method does not consider the distances and
moving time between working faces when determining the critical path, which
can lead to an incorrect result.
The operations of the mobile mining machines at each working face are in
series, while many working faces are processed by machines in parallel. Constrained by an underground environment, the underground mining operations
mainly focus on improving the efficiency of the serial operations of several
sequential machines, instead of improving the efficiency of the loader-truck
cycle as in surface mining. The sequencing algorithm is applied to find the
minimum timespan for serial operations under specific workloads. The
timespan is from the start time of the first machine at the first face to the end
time of the last machine at the last face.
For given faces f 1 to f n (1…n is face ID, n faces in total), and machines m 1 to
m k (1…k is machine ID, k machines in total), assuming each face to be processed in the sequence from m 1 to m k . The permutation of the sequences of the
faces is n!. Therefore, there will be n! timespans (T). Minimum timespan is
min(T 1 , T 2 , … T n! ), which determines the optimal sequence of the working faces.
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Three matrices are constructed:
Matrix of end time
Matrix of operating time

etଵଵ
et
 ଶଵ
…

etଵଶ
et ଶଶ
…

…
… ൩
et ୬,୩

otଵଵ
ot
 ଶଵ
…

otଵଶ
…
…

…
… ൩
ot ୬,୩

Matrix of moving time

mtଵଵ
mt
 ଶଵ
…

mtଵଶ
…
…

…
… ൩
mt ୬,୩

Each element in the matrix of end time is a time stamp, while each element
in the matrices of operating and moving time is a time interval. The element e ij
represent when machine j stops working at face i, while ot ij and mt ij respectively represent how much time machine j spends to operate at or move to face
i.

T = et n,k -st = max(et n,k-1 , et n-1,k +mt n,k )+ot n,k -st

(5)

At time 0, i.e. st=0,

T = et n,k = max(et n,k-1 , et n-1,k +mt n,k )+ot n,k

(6)

Nesting an array t in each element of the matrix of end time, as e i,j [t]. The array of e 1,1 [t] has only one element with the value ot 1,1 +mt 1,1 . The pseudo code
for T is:

if (!(i=n & j=k))
{
for (j<k) { e i,j+1 =e i,j +ot i,j+1 ; add e i,j+1 in e i,j+1 [t]; }
for (i<n) { e i+1,j =e i,j +ot i+1,j +mt i+1,j ; add e i+1,j in e i+1,j [t]; }
}
if (i=n & j=k) T = e n,k [t].getMax
Grouping algorithm
In underground mines, there are normally many working faces required to be
processed within a short period, e.g. one week. This can lead to a great number
of permutations of sequences of the working faces. The computing workload
can be too heavy for computers to rapidly obtain the result, or they may fail to
solve the problem due to stack overflow in RAM. In the case of 10 working faces, there are 10!(=3,628,800) permutations. One solution for this is to increase
hardware capacity and/or have cache on hard disk. Another solution is to process fewer permutations. In the case of 10 working faces, if they can be divided
into two groups, there are 5!+5!(=240) or 6!+4!(=744) permutations, which
significantly reduces the computing time and workload. Therefore, a grouping
algorithm is required to divide the working faces into a number of groups. It
can help to reduce the computing workload of the sequencing algorithm and
the computing time. The basic principle of grouping is to group the faces which
are relatively close, based on their distance d ij (d i,j is the path length between
two working faces i and j). In view of the computing capacity of permutation,
the maximum number of group, faces and sub-groups in one group, and faces
in one sub-group is empirically set as five which can certainly be changed according to other users’ experience and hardware. After the first-round group27
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ing, if there are more than five groups and faces left, the faces and groups will
be grouped further, with a maximum of five faces or sub-groups in one group.
This process will continue until there are not more than five groups as set.
Machine set algorithm
The machine set means one set of single mobile mining machines which operate in sequence, such as one scaler, one shotcreter, one bolter, one blast-hole
driller, and one explosive charger. The serial operation of a single mobile machine is different from the cyclic operation of loading-hauling-dumping (loader-truck) which can have several machines at one face; therefore, the mucking
cycle cannot be included in this algorithm. The components of machine set
may vary in different underground mines. In large and medium mines, there
are often several machine sets, which are used to improve the excavation/production rate and be back-up for each other. This algorithm is used to
assign different machine sets to different mining areas if there are more than
one set. The objective of this algorithm is to assign the machine sets to obtain
the minimum overall timespan. This algorithm first clusters faces into different mining areas, according to the distances between faces. The number of
clusters is determined by the number of machine sets. Then, it calculates the
timespan of each mining area respectively, and puts one face from the mining
area with the longest timespan to the mining area with the shortest timespan,
until the new overall timespan gets longer than the previous one. When calculating the timespan, this algorithm will first call on the function of the grouping algorithm to group the faces within different mining areas, and then call on
the function of the sequencing algorithm to obtain the minimum timespan for
that mining area.
Machine sharing algorithm
When there are more than one machine set, it is quite common to share mobile mining machines in underground mines in case some machines are not
available to work for a certain period. This algorithm is designed to share mining machines, aiming to obtain the minimum overall timespan. It will call the
machine set algorithm to assign the first mining machines which are in the
first working procedure, then assign the second mining machines which are in
the second working procedure, and so forth until the last mining machines.
Figure 3 shows the relations of inputs, algorithms and output. First, all the
related data should be input, and the machine set algorithm or machine sharing algorithm should be called up, based on whether there are full sets of mining machines. Next the grouping algorithm is used to divide the faces into
groups, and the sequencing algorithm is used to find the optimized sequence
and generate the schedule of mobile mining machines.
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Figure 3. Relation graph of inputs, algorithms and outputs [Publication 1]

3.2

3.2.1

New approach to process control for underground mining
operations
Discussion of PERT/CPM for using in underground mining

After the debut of CPM and PERT for more than five decades, there have been
new techniques developed based on PERT/CPM, which are however more sophisticated for mining operators and require complex user input. The
PERT/CPM are particularly appropriate tools to be used in the scheduling for
discrete events, e.g. serial operations in underground mining. Nonetheless,
some drawbacks in both techniques have restricted their applications in underground mining operations. First, the PERT/CPM do not give a method to
find the predefined sequence. It is normally too complicated in practice to determine the sequence of many mining operations for a large number of working faces. Next, the time estimates are subjective, based on the personal
knowledge and abilities. This cannot guarantee the objectiveness of the input
and take advantage of the data recorded in mining management system.
Moreover, it is required to estimate the duration for every operation. There
can be hundreds of operations to be carried out in large-scale underground
mine, and the operations can vary considerably. It is almost impossible and
inefficient to estimate all the durations manually. Additionally, the PERT analysis assumes the mean and variance are normally distributed, because it is
rather difficult to calculate the cumulative probability function of the PERTbeta distribution. The probability of the completion time of the entire mining
process can be obtained by summing the means and variances on the critical
path, and then the probability of the completion time can be obtained according to the standard normal distribution table (Russell, et al., 2011). This assumption relies on the central limit theorem, which requires sufficient amount
of operations. However, in underground mining operations, it is quite doubtful
whether there are sufficient operations in the critical path. Therefore it cannot
warrantee the assumed normal distribution, and the probability of the complete time is questionable. Furthermore, the CPM neglects the existence of
different probabilities of the mining operations’ completion time. For example,
it calculates the critical path simply using the deterministic values of the completion time of different activities, though there are different probabilities behind these deterministic values. This can lead to a wrong critical path.
3.2.2

Modification of PERT/CPM for using in underground mining

The new approach should overcome the above drawbacks existing in the PERT
and CPM, in order to be used for underground mining operations. Unlike the
conventional time-estimating method in the PERT, this new method utilizes
the probabilistic density function of underground mining machines’ working
rates, estimates the durations and calculates the probability of durations accordingly. Compared with the other probabilistic distributions, the PERT-beta
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distribution is also suitable for the probabilistic distribution of the working
rates. The main reason is that the shape of the PERT-beta distribution is more
realistic for working rate, compared to other probabilistic distributions. The
shape of the PERT-beta distribution is convex, and can be asymmetric by being skewed right or left. The PERT-beta distribution is bounded within a positive and finite domain while some other distributions have either infinite or
negative domains. Based on the variety of the types of rock, mining machines
normally have two boundaries of their working rates. The lower boundary represents the minimum working rate, while the higher boundary represents the
maximum working rate. Additionally, the PERT-beta distribution can be approximated by using Triangular distribution which is normally given by the
cumulative distribution function in Eq.5. This makes it possible to calculate
the probability of activity duration instead of being estimated by Monte-Carlo
simulation. It has been concluded that the usage of the Triangular distribution
instead of the PERT-beta distribution does not result in significant differences
from a practical point of view (Hajdu, 2014). In fact, the precision of the three
point estimation is much more crucial in determining the distribution.
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Equation 7 gives the cumulative distribution function of activity duration
customized for underground mining operations, where y is the duration, k is
the workload, a is the minimum working rate, b is the maximum working rate,
and c is the mode of the working rates. Assuming it requires n independent
serial operations on a workface, x i is the predicted or instant work rate at Face
i, y i is the duration of single operation of x i , and F(y i )is the probability of that
duration y i , hence, the total duration for working on this workface is σ୬ଵ y୧ , and
the probability of that total duration is ς୬ଵ F(y୧ ). Similarly, if y i is the duration
of an operation in the critical path, then the total duration of the entire process
is σ y୧ , and the probability of completing the entire process with in that total
duration is ς F(y୧ ).

Given X = {x: fଡ଼ (x) > 0} and Y = {y: y = g(x) for x  אX}

(8)

Theorem Let X have cumulative distribution function F X (x), let Y=g(X), and
let X and Y be defined in (6). If g is a decreasing function on X and X is a continuous random variable, then F Y (y)=1-F X (g-1(y))
y 䌜㼅
(9)
Hence, given y=k/x (x, y, k>0) as stated in (6), the probabilistic density function and cumulative distribution function of activity duration are obtained as
below:
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This new method can use machines’ data acquired from experiments and/or
historic record, which prevents subjective assumption of time estimate. Additionally, it calculates the durations of mining activities directly by using the
working rates and workloads, instead of manually estimating the durations
one by one. Furthermore, it calculates the probability of the duration of each
activity and even for the entire process directly from the cumulative distribution function, without relying on the assumption of normally distributed durations and using the Monte-Carlo simulation. Besides, it can calculate the critical path based on the same probability of the duration for each activity, which
highly increases the precision of the critical path. The steps are as follows:
(1) Schedule underground mining operations by the above mentioned
schedule optimization.
(2) Determine the critical path of the mining operations and their probabilities of completion time.
(3) If an operation is supposed to be delayed, increase the working rate of
the related machine. If it is delayed, re-schedule the mining operations to
obtain an updated schedule as in Step 1), and determine the critical path
as in Step 2).
(4) Assign the mucking machines to transport the excavated/mined materials.
(5) If there is an unexpected event in the mucking operation, re-assign the
mucking machines as in Step 4).
3.2.3

Algorithm for mucking operation of underground mining

Mucking operation is a cyclic operation consisting of more than one machine,
unlike the serial operation with one single machine. For example one face can
only allow one driller, one charger to work at it, but allow one or more mucking machines (i.e. trucks and loaders) in the mucking operation. Mucking operation is used to load, haul and dump the ore from production and excavated
waste rock from mine development. The operating time of the mucking operation at a face is varied, and depends mainly on the amount of mucking machines assigned at that face. The previous studies of mucking operation for
underground mining focus on equipment selection, fleet management, realtime dispatching, route planning, and self-navigating vehicles. However, there
is a shortfall between equipment selection and dispatching, i.e. how to assign
loader/truck at different working faces. A short-term scheduling model was
developed by Nehring et al. (2010), which links long-term planning with realtime dispatching. It is specifically designed for sublevel stoping in a conceptual
mine. Its objective function is to minimize deviation of production targets for
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each shift across an entire scheduling period. The solution was obtained using
mixed integer-linear programming in approx. 1 min in a common desktop.
However, the size of the model is not big enough for real mining practice: it
has 5 LHD loaders and 3 trucks being scheduled on 16 stopes for 2 months
(120 shifts). Therefore, the rapidness of this scheduling model still needs to be
further validated. Additionally, the objective function can lead to relatively
low utilization of equipment, because the production is required to reconcile
with the pre-set target. Once the production reaches its target, it cannot increase further, even if there are more machines available. Moreover, the model
is quite complicated and needs to be coded in CPLEX10.3 which is an IBMdeveloped commercial software application for solving mathematical models
but is not commonly used in mines. Therefore, the application and implementation of the model is relatively challenging for mine operators. It is demanded
to propose a more practical and agile method. The mucking algorithm proposed aims to minimize the deviation of mucking rate at working faces, and
control the mucking rate above the pre-set target.
The following assumptions are applied for the mucking operation:
(1) Loaders and trucks are respectively identical (which is actually in favor of
fleet management and maintenance);
(2) One face has one loader to work;
(3) Trucks only dump to the nearest dump (which minimizes fuel consumption);
(4) Loading time, dumping time, velocity and payload are constant;
There are basic numerical relations in the mucking operation:
The duration of mucking operation at one working face

ܶ =

ܯ (ݐݒ + ݐݒௗ + 2݀, )
ܰ ܯ ݒ

(11)

The mucking rate at that working face

ܴ, =

ܰ ܯ ݒ
(ݐݒ + ݐݒௗ + 2݀, )

(12)

There are also constraints in the mucking operation:
The amount of haulers at one working face should not result in queuing

ݐݒ + ݐݒௗ + 2݀,
ܰ  ݅݊ ݐቆ
ቇ
ݐݒ

(13)

The amount of haulers at one dumping site should not result in queuing
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(14)

Dumping rate at a dumping site should not exceed its receptive capacity

 ܴ, = 
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The total mucking rate should not be less than the pre-set minimum target

Ȉ' ,j ı P target

(16)

This algorithm has been coded in a stand-alone software application which
can facilitate its implementation for the mucking operation in underground
mining practice. It has an agile structure and simple constraints which can
ensure the rapidness of obtaining the solution. Furthermore, this algorithm
minimizes the deviation of mucking rates at different working faces under the
constraints, and controls the mucking rate. The minimum deviation of mucking rates implies that N i /(vt l +vt d +2d i,j ) is mostly approximated to each other.
This can distribute haulers on route to avoid traffic conflict, and theoretically
ensure the time interval between trucks is as equal as possible. Additionally,
since the mucking rate at each working face is similar, the risk of lack of ore
supply can be reduced, in case that some faces are unexpectedly inaccessible
for a short period. The objective function does not reduce the utilization of
machines, because this algorithm allows the actual productivity to be greater
than the pre-set target.

3.3

Calculation of safety stock using real options

The studies of previous safety stock mostly consider inventory from a financial
perspective and emphasize maximizing a retailer’s profit more than securing
the link between supply and demand. Unlike the retailing business, mining
production requires a new method out of the box. Assuming mine yield is a
stochastic process that follows a logarithmic normal distribution, the formula
of ore safety stock is given in Eq.15 and proved in Publication 5:
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The total amount of ore safety stock SS period covering the period from t to T is
்
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௧

In other words, if mill feed F is required at time T, Eq.15 gives how many ore
stock SS t there should be at time t under the current mine yield Y t . To fulfill
Eq. 15, Y t is assumed to obey the Wiener process, that is, the yield fluctuates
around the previous yield, like in Brownian motion. Given a yield target (i.e.
mill’s feed) and historical yields, it can obtain how many discrepancy there
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probabilistically is between the target and the current yield, which is the safety
stock reserved to attain the target. The practical value of real options is neither
a tangible asset nor a tradable underlying asset as previously in liquid markets,
but a technique to cope with the uncertainty of future event. The essence of
this technique is to evaluate the probability and impact of a future event and
giving a solution associated with that event under the current circumstance.
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4. Case Study

4.1

Case study based on the Kittilä mine

Kittilä mine is an underground gold mine located at Lapland, Finland. This
mine is owned by Agnico Eagle Mine Limited. It started its mine production in
May 2009. The mine produces around 3000 tons of ore per day, and it is targeted to produce 4300 kilograms of gold in 2014. After this, the average production will be roughly around 4700 kilograms of gold per year in 2015 to
2016. Originally Kittilä mine started as two open pits which are called Suuri
and Roura. The underground mine started in October 2010. All of the open
pits were mined out by November 2012 and today the production is solely by
underground mining. The excavated ore is hauled by truck to the surface and
dumped at ore stockpile. The stockpile will feed the crusher which is next to
the processing plant.
4.1.1

Schedule optimization of underground mining machines

The underground mining is run according to a weekly plan. There are weekly
plans for mine development and production respectively. Normally the excavation includes more operations of machines than mine production does. In this
case study, a weekly plan of excavation for the time period between 4th and
10th September 2013 is used. The weekly plan mainly showed the headings
which should be excavated in this week. The rest of the parts in the weekly
plan showed information such as the total remaining material, total remaining
excavation meters, and attention that should be given to certain tunnels.
In order for the mine to create the weekly plan, it first starts from the longest
horizon of the mine plan, which is the Life-Of-Mine (LOM) plan. From the
LOM plan, an 18-month plan is derived. After that, a monthly plan is created
according to the 18-month plan, and finally the weekly plan is created based
on the monthly plan. The weekly plan is implemented at the field by communicating between the foreman and his crew. These foremen usually use
their own experience and personal judgment to implement the plan and to
handle unexpected events during the implementation. This could often become biased and subjective. This is where the schedule optimizer could assist
them, by making an optimized detailed plan and proposing solutions to possible problems to achieve the weekly plan target.
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The weekly plan of Kittilä during 4-10 September 2013 and the operating data of mobile mining equipment were used as the input data for the schedule
optimizer. There were 35 working faces, 3 machine sets, and 7 types of machine (i.e. 7 working procedures at each working face). The workload at each
working face was acquired from the Kittilä’s weekly plan, and the machine
operating data were acquired from manufacturers’ manuals and experienced
operators’ estimations. The locations of those 35 working faces are shown in
the schematic layout of Kittilä mine in Figure 4. After the data were inputted
into the schedule optimizer, the program was first run to obtain the scheduling
based on the priority of each working face, and then followed by the lower prioritized working faces. The priority of each working face was set to the value of
“1” in this case study.

Figure 4. Schematic layout of Kittilä mine with the locations of the working faces for the case
study [Publication 3]

After inputting and running the schedule optimizer by a CPU 1.7 GHz and
RAM 8 GB laptop, a Gantt chart was produced within 20 seconds (Fig.5). The
execution of the scheduling process uses the machine sets algorithm. The different machine sets respectively were assigned in different mining areas, i.e.
Working Faces 3 to 9, Working Faces 1,2, 26 to 35, and Working Faces 10 to 25.
The working faces in the mining areas are divided into smaller groups, by using the grouping algorithm. Next, the minimum timespan was found by calling
the sequencing algorithm. The Gantt chart shows that the entire mining process could be completed in 52 hours. It should be noted that the Gantt chart
does not include shift-changing time, ventilation time, coffee and lunch time,
which is around 18 hours for the two days. Furthermore, it does not include
maintenance time of mobile machines because there were no broken-down
machines reported in that week. Therefore, the optimized result gives a shorter
period of circa 70 hours, which is less than 168 hours when the mine did. The
reasons of such discrepancy of the two working periods are the following: firstly, the schedule optimizer used the optimized sequence to schedule the jobs for
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each machine; secondly, the working parameters of machines were deterministic which can increase the error of this comparison; thirdly, there were idle
times of crew and machines in the underground mining (therefore, there have
been many applications of underground tracking and reporting developed). In
view of the big difference between the optimized and actual result, it should be
a considerable contribution of the schedule optimizing techniques.

Figure 5. Weekly scheduling for Kittilä mine according to the developed algorithms [Publication
3]

Since there were no significant disturbances recorded in the mine during
that week, five scenarios were created as a modification from the studied
weekly plan of Kittilä in the previous stage to test the schedule optimizer. The
various scenarios developed are shown in the Table 1, where each scenario was
modified to be as realistic as possible. For example, Scenario 1 assumed that
the access to Level 250 was suddenly cut off due to an unexpected roof collapse
at this access. This event in Scenario 1 requires modifying the original data
from Kittilä’s weekly plan. The modification was done by deleting several
working faces 7, 8, and 9 from the original working face data set (i.e. the workload list and the distance matrix of working faces). The reason for deleting
these is that these faces were located at Level 250. Therefore, there should not
be workloads for mobile machines to work at these faces, but the mobile machines will still be able to work at other working faces which are accessible.
Another example, Scenario 2 assumed that, in the second equipment fleet (or
in other words, “machine set 2”), there was one charger broken down. This
breakdown event made this equipment unavailable, therefore the equipment
was simply “not available” in the input data (i.e. delete this machine from the
machine list). Therefore, the three equipment fleets have to share two chargers.
After the modification of the input data based on the different scenarios, the
schedule optimizer was re-run for every scenario with its related input data.
Each scenario could prolong or shorten the total working time. Table 1 also
shows the working time given by the schedule optimizer. Based on the assumptions of the scenarios, the results are reasonable. In Scenario 1 and 4, the
durations are shorter than in Scenario 0, because some workloads are removed.
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In Scenario 2 and 3, the durations are longer than in Scenario 0, because some
machines are not available to work. In Scenario 5, it shows the same duration
as in Scenario 0, because the initial locations are not sensitive in this case. Additionally, in the Kittilä mine, the foremen normally require around 10
minutes to make a decision for a new schedule. By using the decision support
instrument, it only needs around 20 seconds to propose a new schedule, and
the foremen just need to have a double check on the proposed schedule.
Table 1. Scenarios created for testing [Publication 3]
Scenario
0
1
2
3
4
5

4.1.2

Assumption
No modification
Access to Level 250 was not available, thus eliminating workface #7-#9.
One charger was not available in machine set 2.
Only two machine sets were available.
No scaling task at Workface 10, 15, 20 and 25.
All machine initial locations were partially at workface 3 and 10.

Duration
52h
50h
56h
66h
51h
52h

Process control of underground mining operations

The mine development normally consists of more operations than mine production, therefore the mine development was chosen as the example in the
case study. The data of several shifts of a weekly plan of mine development
were used, and the machines’ data were obtained from manufacturers’ manuals or estimated by skilled operators. The weekly plan data mainly showed the
headings which should be excavated during the week, and the machines’ data
are mainly the working parameters of the machines.
The shifts (2 days, 48 hours) were in the weekly plan during the period of 410 September 2013. In these shifts, three working faces, Working Face 4
(WF4), Working Face 3 (WF3), and Working face 5 (WF5) were excavated in
sequence, by one set of mining equipment. The excavation at each working
face included the serial operations of scaling, cleaning, shotcreting, bolting,
drilling, charging and dust suppression. Table 2 shows the operation information using the conventional method, including the working time of each
mining machine at every working face, the time difference between the Earliest Starting Time (EST) and Latest Ending Time (LET), and the probability of
completing within the time difference. The working time was derived from the
workload for each machine at each working face divided by the most frequent
working rate. EST and LET were obtained according to the Critical Path Method. The probability of completing between EST and LET was obtained according to Equation 10. The critical path is also indicated in Table 2. It is noted that
the probability of the completion time is varied in every operation, and the
entire process would be completed in 30.5 hours with a confidence of only
5.5%. Table 3 shows the same operation information as in Table 2. Unlike the
procedure used in Table 2, the suggested method first sets a desired probability to 90%. Then, it calculates the related working time. All the critical operation has a confidence of 90%, and the uncritical operation has a confidence
above 90%. It is noted that the critical path is changed in Table 3, and the entire process can be completed in 47.5 hours, which is close to the actual time of
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48 hours, with a confidence of 49%. If the confidence is set at 99% for each
operation, it can be found that the entire process can be completed in 78 hours
with a confidence of 93%.
By using this method the drawbacks of the PERT are eliminated and the
probability of each activity is obtained more efficiently in an objective manner.
This method also corrects the procedure of determining the critical path which
the CPM uses. The results, i.e. the working time and the probability, obtained
from the new method are more accurate and more practical than the conventional PERT/CPM.
Table 2. Probability and critical path using the conventional method [Publication 4]

Scaler Cleaner Shotcreter Bolter Driller Charger Dustsprayer
In
In
In
In critical
critical
critical critical
WF4
path
path
path path
Working time (hour)
5.02
2.13
2.11 13.08 6.48
3.03
1.51
Time difference (hour) between EST and LET
5.02
2.13
2.11 13.08 13.15 13.36
13.37
Probability of completing between EST and LET
90%
90%
90%
90% 100% 100%
100%
In
critical
WF3
path
Working time (hour)
5.02
2.13
2.11 13.08 6.48
3.03
1.51
Time difference (hour) between EST and LET
13.08 10.19
10.17 13.08 6.54
3.30
1.79
Probability of completing between EST and LET 100%
100%
100%
90% 93%
99%
100%
In
In
In
In critical
critical critical critical
WF5
path
path path path
Working time (hour)
2.51
1.07
1.06
6.54 3.24
1.52
0.75
Time difference (hour) between EST and LET
23.27 21.82
21.14
6.54 3.24
1.52
0.75
Probability of completing between EST and LET 100%
100%
100%
90% 90%
90%
90%

Table 3. Probability and critical path using the new method [Publication 4]

Scaler Cleaner Shotcreter Bolter Driller Charger Dustsprayer
In
In
In
In
In critical
critical critical
critical critical
WF4
path
path path
path path
Working time (hour)
3.83
2
1.91 5.63
6
2.90
1.40
Time difference (hour) between EST and LET
3.83
2
1.91 5.63
6
6.10
6.14
Probability of completing between EST and LET 15%
50%
30%
50%
50%
100%
100%
In
critical
WF3
path
Working time (hour)
3.83
2.00
1.91 5.63 6.00
2.90
1.40
Time difference (hour) between EST and LET
6.00
4.17
4.09 6.00 6.00
3.00
1.55
Probability of completing between EST and LET 100% 100%
100%
78%
50%
88%
97%
In
In
In critical
critical critical
WF5
path
path path
Working time (hour)
1.91
1.00
0.96 2.81 3.00
1.45
0.70
Time difference (hour) between EST and LET
12.94 11.94
10.98 6.38 3.00
1.45
0.70
Probability of completing between EST and LET 100% 100%
100% 100%
50%
78%
50%

After the above mentioned operations at every working face, the excavated
material should be transported to dumping sites. The algorithm of mucking
operation is used to first assign the mucking machines (loaders and trucks) to
every working faces, and re-assign the machines upon unexpected events.
Based on the data of working faces and mucking machines (incl. 3 loaders and
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7 trucks), the initial assignment of mucking machines are demonstrated in
Table 4. Working Faces 4, 3 and 5 were available at 23:57, 5:40 and 6:37 respectively. The mucking rate was around 140t/h. It is noted that when there is
another working face available or completed, the algorithm will re-assign the
trucks among the available working faces.
Table 4. Assignment of mucking machines at working faces [Publication 4]

Working Face ID

Starting Time Ending Time Truck Amount

Workload (ton) Done Workload (ton) Left

4

23:57

5:40

7

756.00

4

5:40

6:37

3

81.00

144.00
63.00

3

5:40

6:37

4

108.00

792.00

4

6:37

8:05

2

63.00

0.00

3

6:37

8:05

3

96.08

695.93

5

6:37

8:05

2

65.10

384.90

3

8:05

12:21

4

510.00

185.93

5

8:05

12:21

3

384.90

0.00

3

12:21

13:14

7

185.93

0.00

Figure 6 demonstrates another application of the algorithm of mucking operation. It is a simulated result of re-assigning the mucking machines when
encountering an unexpected event. A scenario of an unexpected event was created: A truck of Working Face 4 was broken down at 7:23. Given the target of
mucking rate was set to 140t/h, the mucking rate was around 150t/h before
time 7:23 above the target. At time 7:23, a truck of Working Face 4 was broken
down, which caused a drop of mucking rate. From 7:23 to 7:33, the event was
investigated. At time 7:33, a control action was decided to be implemented. By
using the algorithm of mucking operation, it gives the proposed solution: A
truck from Working Face 5 was transferred to Working Face 4 to compensate
the loss of mucking rate. From 7:33 to 7:39, because of the relocation of the
truck, the mucking rate dropped further. Furthermore, after the truck was relocated, the mucking rate was resumed to 142t/h above the target.

Figure 6. Re-assign the trucks upon an unexpected event [Publication 4]
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4.1.3

Safety stock for mining production

The mine produced around 3,000 tons of ore every day on average, from January to September 2014, because it was targeted to produce 4,300 kilograms
of gold in 2014. From October 2014, following an upgrade of the mill, the mine
is aiming to produce around 3,500 tons of ore every day on average, in order to
keep the productivity roughly around 4,700 kilograms of gold every year in
2015 and 2016. The data of ore supply in 2014 is in Publication 5. Figure 7
shows the quantity of the qualified ore which has been supplied by the mine to
the mill in 2014. The blue line indicates the everyday supply, while the black
line indicates the trend of the supply using a 21-day moving average. The black
line identifies three trends: 01.01 to 09.05 is a flat waving trend; 28.05 to
31.08 is a slight downtrend (to prepare for the upgrade of the mill); 19.09 to
31.12 is a strong uptrend (after the upgrade). During the two periods of 10.05
to 27.05 and 01.09 to 18.09, the mill was in maintenance, hence the supply to
the mill was zero. Because of these two maintenance periods, the mill needed
to process approx. 3500 tpd before 01.09 and approx. 4000 tpd after 01.09 in
order to reach the annual target. There was also supply below 2 ktpd on many
dates, because some parallel processes in the mill were broken down. The mill
could not reach its pre-set capacity in those days. The above periods, dates and
the associated data are filtered out in data processing. Based on the above
sample, it shows that the ore supply follows approximate normal distribution
and approximate lognormal distribution in their graphical tests (histogramcurve and quantile-quantile plot in Publication 5). Because of the limited size
of the sample, it is difficult to determine which probabilistic distribution the
variable exactly follows. Actually it is more practical to use the approximate
distribution in the real world.

Figure 7. Quantity of qualified ore supplied to the mill of the Kittilä mine in 2014 [Publication 5]

A comparison between the conventional (Eq.3) and new (Eq.15) models is
carried out, based on the filtered data in the three trends described as above.
In view of the storage management in the Kittilä mine, the ore loss rate r is set
as zero in Eq.15. The comparison uses Mean Absolute Percentage Error
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(MAPE) to measure both models. MAPE can evaluate the forecasting accuracy
between actual value and forecasted value, and expresses the accuracy as a
percentage. In addition to MAPE, the other classic measures are not used for
this comparison. Because some (e.g. Mean Absolute Deviation, Mean Squared
Error) do not give in percentage, it can cause inaccuracy without taking the
absolute value into account, when the values are significantly varied. For others (e.g. Weighted Absolute Percentage Error), this case does not require any
weight on the actual or forecasted value.
The test calculates everyday MAPE between actual required stock and
planned safety stock respectively using the two different models (Table 5 and
6 7KHSDUDPHWHUV LHPHDQRIVXSSO\ǋ s and standard devLDWLRQRIVXSSO\ı s
LQWKHFRQYHQWLRQDOPRGHODQGVWDQGDUGGHYLDWLRQRI\LHOGıLQWKHUHDO-option
model) are updating along with the dates in a dynamic manner. Up-to-date
represents that the parameter is calculated based on all the data by that date,
while Last 21-day and Last 7-day respectively mean the parameter is obtained
from the data of the previous 21 days and 7 days.
Table 5. MAPE of safety stock using conventional model (in ton) [Publication 5]
ȝ s ı s
Up-to-date
Last 21-day
Last 7-day

Conventional Method
01.01~11.05 28.05~31.08 19.09~31.12
8.09
5.05
6.38
9.63
11.80
7.62
6.63
10.13
5.87

Table 6. MAPE of safety stock using real-option model (in ton) [Publication 5]
ı
Up-to-date
Last 21-day
Last 7-day

New Method using Real Options
01.01~11.05 28.05~31.08 19.09~31.12
1.40
1.67
1.50
1.53
1.72
1.39
1.16
1.47
1.10

It clearly shows that the real-option model completely outperforms the conventional model. The accuracies obtained by the real-option model are much
closer to zero than those from the conventional model. The reason is perhaps
that the conventional model uses the multiplied standard deviation and the
difference value of demand and supply, while the real-option model uses the
probability with demand and supply. This real-option model also considers the
ore loss (caused by weathering, dilution, and missing) during storing and
transporting the ore. It makes the model more realistic. Additionally, it is noted that the Last 7-day tests have higher accuracies in both models. It means
that recent data can be more representative in this case. Up-to-date tests have
the second highest accuracies, because the deviation of the data is closing to
the expected value in the long run. Furthermore, in the period of 28.05 to
31.08, the accuracies are relatively low, because this period has a tendency and
is accompanied by bigger standard deviations. Besides, it may be argued that a
mining plan could be a good leading indicator of the ore supply to be used in
safety stock calculation. In fact, the mining plan only indicates a possibility,
which however cannot guarantee that qualified ore will be delivered in due
course, because there are still many uncertainties in mining operations and ore
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composition. A time series cannot be used to forecast the ore supply neither,
because the ore supply is externally and randomly driven by major/minor decisions and activities. It would be quite difficult to find a leading indicator in
either the long or short period.
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5. Conclusion and Contribution

5.1

Conclusion

In the study, the scientific findings are mainly obtained below:
In underground mining operations, mobile mining machines are mostly
scheduled instinctively, without theoretical support for these decisions. It can
cause less confidence for miners and less efficient operations.
It is a Flexible Flow Shop problem to schedule mobile mining machines. The
conventional methods do not consider the distance between working places.
Machines work near to each other which can risk the safety at an underground
mining operation. Additionally, the conventional methods do not consider the
moving time when determining the entire timespan, which can lead to a wrong
result. Furthermore, it is not possible to develop one single algorithm to cover
the entire mining process.
The techniques of process control that have been proven and widely used in
minerals processing are not immediately suitable for mining operations. The
existing PERT/CPM are found not appropriate to cope with the complexity of
underground mining process. This can lead to a wrong critical path. Most of all,
the approach should consider the uncertainty related to underground mining.
There is a great need of an inventory strategy for mining industry, but surprisingly there has been little work on determining safety stock for mining
production. Literature on demand uncertainty significantly overwhelms those
on supply uncertainty. The mining industry has its own features, which require
modification to the existing method of determining safety stock.
The developed method in the study can significantly reduce the entire
timespan of underground mining process, comparing with what the mine did.
Theoretically it gives better results for machine scheduling than the current
practice as measured. It has not been so far used in real-world mining practice.
This is shown in the above case study of schedule optimization of underground
mining machines. The method also provides high confidence and accurate
timespan of mining operation in the process control of underground mining.
The process can be adjusted more efficiently upon unexpected events. Besides,
the method suggests more accurate forecast of safety stock which the mine
needs to buffer the uncertainties of underground mining.
It is concluded that the heuristic approach and dynamic programming have
been applied to schedule mining machines for underground mining. It is par45
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ticularly useful to combine the heuristic approach and dynamic programming
in the case of many tasks on various operations. The combination of linear
programming and queuing theory is used in the production control of mucking
operation. It is also concluded that the completion time and probability of the
underground mining process can be estimated more accurately by modifying
the existing PERT/CPM, and the safety stock can be forecasted more accurately by using the new real options model than the conventional safety stock
model.
The publication 1 reviews the existing methods used in mining optimization
for planning and scheduling. The publication 2 designs the software including
the input, output and algorithm. The publication 3 describes the algorithms
used to schedule mobile mining machines. The publication 4 describes the
methods used to detect the critical operation and estimate the completion time
and possibility. The publication 5 presents the model of calculating the safety
stock.

5.2

Contribution

This research presents the background and motivation for developing a holistic application for building the missing links and improving the performance
of underground mining process. The decision support instrument, a software
application (Fig.8), is developed in connection to the presented doctoral studies.

Figure 8. Screenshot of the decision support instrument

Along with the research presented in this thesis, the software structure, input
and output were designed, and the algorithms were developed. The algorithms
emphasize minimizing the timespan of the entire mining process for a specific
workload within a certain period under given constraints. It assists miners to
optimally schedule mobile mining machines, to improve the performance of
the entire mining process in underground mining.
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It is also able to detect the critical operations and control the mucking operations. The new method modified from the PERT/CPM can efficiently and accurately estimate the probability of activity and the critical path. Another new
algorithm is developed to initially assign mucking machines and to rapidly
adjust the mucking operation for a specific target under external constraints.
Additionally, a real-options method of calculating safety stock for mining
production is developed and proposed to solve the safety stock for mitigating
the uncertainty of ore supply. It provides more accurate forecast than the conventional method.
These methods are further demonstrated by a case study of the Kittilä mine.
In the case study, the methods illustrate the outstanding performance compared with the conventional methods. As being compared in the case study,
the scheduled time of mining machines is less than the time spent in practice;
the critical operations and their estimated completion time are set in the same
probability which makes the result more reasonable than the conventional
method; the new real option model produces more accurate amount of forecasted inventory than the currently used method. The decision support instrument has potential to add practical value for the mining industry, especially for underground mining. It provides mining professional with indications
for the entire mining process.

5.3

Scope of future research

This research can be extended into a wider scope of the study of underground mining. In future, more research can be carried out in scheduling all
the mining activities and optimizing the mine-wide production. The research
can include staff-machine matching, mobile machine scheduling, and fixed
equipment working parameters changing under different strategies. Maintenance timetable of mining equipment can also be taken into account. The new
algorithms should be able to assist miners to match staff and equipment, to
select the right person for the right job. They should also be able to propose
working parameters for fixed equipment, e.g. conveying velocity of belt conveyer, rotating rate of crusher, rotating rate of fans for airflow regulation,
which were taken as external constraints in the past, which were not in the
consideration of optimization.
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