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ABSTRACT ii

ABSTRACT

This PhD thesis has two main objectives. The first objective is to develop, implement, and verify
an integrated simulation agtimization framework tetudysurfacemining operatiorsto address
important drawbackof currently available surface mining simulation mod&lsese drawbacks
include 1) thetreatment of stochastic variables as deterministic ones in material handliegnsy

in surfacemines; 2)the deficiency in linking mining system® mineral processing systems; 3)
theinability to integrate fleet management systems with material handling systemstlasichdl

of flexibility in using differenttruck-dispatchingalgorithms in developed simulation systems.

The second objective of this research isdivelop implement, and verifyefficient truck-
dispatchingdecisionmaking modek tha can cover important drawbacks truck-dispatching
models used in currently availalmining fleet management systeaswell as models presented
in the literatureThese drawbackaclude 1) neglecting important objectives like meeting the goal
of theupper stage; 2) ignoringeimportance of one side affleet (either shovels or tris) when

making optimal decisions; and 3) treating stochastic variables as deterministic ones.

The integrated simulation and optimization framework was developed using three dtffpesnt

of software. Rockwell Arenaasused asimulation modelling softare to simulate mining and
processing operations. IBM CPLEXas usedas optimization modelling software tyeatea
platform to implementthe truck-dispatchingmodels. These models includdenchmark model
and threenew modelsto solve the truck-dispatchng problem in surface minesThe three
developed models amaultiple objective goal programming model, stochastic mixed integer linear
programming model, and fuzzy linear programming mddedrosoft Excel was used aslatafile

for the integrated framewito store all required operational data aémelproduction schedule.



ABSTRACT iii

Theintegrated simulation and optimization framework was implemeantad iron ore case study

for verification purposes. The framewonkimics the mining operation othe case study and
interaction of t he mi nproocegsing paats antd fleetrmanadgemdamt t h e
systemThe backbone algorithm of Modular Mining DISPATCH was used as the benchmark fleet
management systeta evaluaé thetruck-dispatchingnodelsthat were develped A comparison

of theimplementation othreedeveloped models with the benchmark made26 scenarios of

single trucktype fleets and multiple truetype fleetsshows that the developed models need an

average of 16.5%ewertrucks to meet productiomquirements
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This thesis is an original work b&li Moradi Afrapoli. Some parts of this workave been
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1.1.Background

Mine planning is carrgkout in three timéifferent time horizongFigurel.1): 11 Long-term (life
of mine with a yearly resolution® 1 Mediumterm (17 5 years, provides more detadbout
extraction of mining arexs3 1 Shortterm (17 12 monthsprovidesdetailed information about

mining faces andjuality and quantity foprocessing plarfeed[1].

Shortterm schedukeare divided irto operational plansAn operational plan is the shifiasel
stage of open pit minproduction schedulingvhich covers dynamic redime decisionmaking
that includes finding the shortest paths between loadingamgbingpoints, finding the optimum
productivity rate of each routallocaing trucks to each route in a way thateetsthe production

targetset bytheupper stage, and dynantrack-dispatching(which is thelower stagge

Strategic Plan Tactical Plan Operational Plan
Long-Term | L‘ Short-Term | Production Optimization |
Medium-Term | Real-time Allocation |

Figurel.1l: Stages of Making Decisions in Mine Production Scheduling
Many researcherfselieve that0 percentof operating costs in open pit ming§ andup to 60
percent inargeopen pit mineshould be spent on materials handl[i2fj [8]. Thus improving the
haulageand subsequently decsgag the expensesor this part of the operatioby eventwo or

threepercent willresult in considerable savings

As Alarie and Gamach§] found there are two major approachesthe implementation of
operations research techniques to improve magdraldling systems in surface minéssingle
stage approacHike the one presented Wiauck [9], implements a continuous algorithta
maximizetheproductivity of the operation arassigrtrucks toeachdestination to meet production
targes. A multi-stageapproachdivides the problem into two suproblems. In the first sub
problem,a static algorithm is implemented to determinedptmal loaders configuration over the
mining faces, optimum production rdi@ the operation, and allocation of triscko loadergo
meet the production target. This stage is caltedupper stage and runs at the beginning of the
shift and when the mingtatus change3he lower stage in a mulstage approacis a dynamic

algorithm, mostly based aam assignment problem analogndrarely based oa transportation



CHAPTERZ1.: INTRODUCTION 3

problem analogy The lower stagessigns the trucks to a proper destination by the @&me
assignment request is posted by the trdoksa destination to meet the defined targets for this

stage.

1.2. Statement of the problem

A fleet management system (FMiB)a miningoperationis aconnectotbetween strategic level

plans and the redime producton operation. Generally, the shoerm production target is

intendedo be met by the operation govedby theFMS. The FMS consists of different levels of
dynamicdecisioamakingalgorithmsthatrun over the life of the mine anshake optimal or near

optimal decisions for the materghandling operatiorigure1.2 illustrates how a FMS is linked

with a mining operation. It is worth noting that the FM3-igurel.2 is an ideal FMS.

FMSsare used tonakedecisiongprimarily on: finding the shortest paths between the loaders and
the destinations determining optimal path flow ratesiinimize deviation from the objectives of
the strategic plansnd assigningvailable trucks to active shovels to meet the required path flow

rates

The frst problem with the current FMSomes upin the first step,when a shovehasto be
assigned to a new joln most of the available FMSdji$ request is respondéal by manually
assigning the available shovels to the faGesrent FMSs do not play any role in this step. This
problem is usually manaddéoy amine planner.The result of the assignment varies dependimg
the level of themineplanneb experience.

Finding the closest distance on the road network for truckaubthematerial to the discharge
points is the secongroblem This problems primarily handled by an optimization method such
as Dij kst r[l®0This mdblgnoof findiniy tine shortest patlc@mpletelydegpendenbn
thes h o vcerteidt working face positiof.he algorithm findghe shortest path from a loader to
a destination staticallwhenthe loader moves to the next working faés.long as the shovel is
working on the same polygprihe shortest pathogs not change. The problem becomes
complicated in large open pit mines with a complex road netvidr&.dfference intruck types
and their age causea difference in theiwvelocity. Scheduled or suddemwn times for shovels

force available trucks to mewto an active shovel that caas@ffic on specific pathenthe road

network.The \ariation inthel e v e | of dr i ver s dsindveathericomditiopark i | | s

other common factorthat complicatehe problem.

-

C
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After determimng the optimum cornination of available trucks and shovels to meet the desired
production in the sealled upper stage of theecisionmakingprocedure, FMSs implement an
optimization algorithm each time a truck asks for a new assignment. Most of the algorithms are
trying to meet a singlespecific predefined objective at this step ofdlkeisionmakingprocedure.

These objectives mostly focus on maximizihgutilization of eithetthetruck fleet or shovel fleet

in the operation. However, the problem of concern in tleig ef thedecisioamakingprocessis

to simultaneouslynaximizetheutilization of both truck and shovel#\lso, the models developed

so far do not account for the deviation from the desired objectives of the upper stage.

Mining operation

Period=Period + 1

Short-term schedule for the period is inputted

2
Awvailable faces are determined based on _
precedence
|
Fleet Management System (FMS) Call 3 first steps of FMS ¥
Operation Optimization model rns
Production Optimization
Step 1: Shovel Allocation —— L Jv I l' ¢
Optimization /7 ™
Allocation of available Static determmation of Setting tarmet nead Allocation of trucks to
shovelsto available faces shortest paths s e o the paths
| —>
[ [ | I
Step It Finding Static
Shortest Paths = w0
ispatching
/f’—‘\ ny truck needs
assignment?
Step 3: Production
Optimization
Dispatching model
mns
Dispatching I
Step 4 T D; ¥ ¥
: [ [N DO
ruck Dispatching / Assign current truck to the Predict destination for trucks will
neediest destination ask for assignment in the future
I J
Dynamic shortest pal
iy })i.r:cliﬁg trucks | |
Step 5: ic s ag SR
dynamically over the Dynamic shortest path ditermination
road network
\k_‘ Dynamic truck control
-
[

Status changed/shift end?

Update mine state ——

Figurel.2: schematic illustration of an open pit mine operation.
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Researchers have been implementinguation as a tool to mimiealworld operatiosin mining
engineeringrelated problems sindbeearly 1960sEvaluating the effectsf whatif scenarios and
new developments in mining operations is cheaper and more flexible with simutédwwaver,
the models usually encount®o major problemsThe first problem ighat thesimulatiors have
no connection to the processing operatidvi;ing operations are directly affected by tladidre

of downstream assetshange in thehroughputcapacity, or any change in tpeocesg plant,
but, none of theublished simulatiomodelstake into account an integrated mine and processing
plant model. The other major problem with thavailablesimulation models is that they mainly
ignore FMSs workingin mining operatios. However, nowadays almost all open pit mining
operations around the worldadlBMSs which arecore of most @ecisionmakingprocedurs in
any mining operationThe nodels are developed based ospacific mining operation arttiere

is no possibilityof generaliing them to other operations.

A practical FMS is necessary foifective decisionmakingaboutavailable fleet assignmés in
mining operationsTo test and evaluate any fleet management system in the field it is necessary to
have a simulation modehat integraes both the mining and processing operation in a single

framework.

1.3. Summary of literature review

Chapter 2 presés acomplete literature review. Hereihsummarizethe literature revie&w svo
main categories: optimization and simulatibfost of the models thefirst categoryimplement
different operations research techniques to provide decision makershaites closest to
optimal. The studies ithe second categorysually implementsimulation tools to examine

different scenarios and their impacts on the production operation.

1.3.1.Optimization

Most of the literaturés aboutmulti-stagedecisionmakingprocedure$or FMSs After finding the
shortest paththe multistage decisiomaking FMSsusually start with a static production
optimization modefor the upper stage and end up with a dynamic truck assignment to meet the

demandg of thatstage.
The main limitationsof the existing-MSsarethat theyneglect

1 Linkage to the strategic levptoduction plans
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The impacts of drilling and blasting operations on the fleet operation
The dfects of uncertaintygnd correlatiorof parameters governing the operation
The losttons caused by mobility and equipment access probleamscularly for shovets

The effects of downstream active processes on the transportation operation

= =2 =A =2 =2

The mpacts of weather and traffic conditions on the shortest path between loaders and

destinations

=

The gtimum assignment of the available showeltheactivefaces;
1 Dynamic truck control;
1 The ncorporaion of mixed fleet systems (in most of the models).
These limitations resuih decisions that are noptimal.

1.3.2.Simulation

The surveyed literaturehews that most of the simulatiomodelswere developed based on a
specific mine's operation. Indbe simulation models, some key performance indicators (KPIs)
were defined for a specific system based on the requirement. Then, the developed simulation
modds were run to examirgffects ofdifferent changes on the defined KPIhe major limitations

of the surveyed simulatiomodelsare:

1 The models are caspecific whichlimits their applicability to problemiske the problem
for whichthe model was built

1 The models do not study the operation ifoag-time horizornn however mosimining

companiesieedto foresee at leagsineseason ahead;

1 The models do not incorporatemponents oprocessing plants and their timesand

down times in the stugy

1 Most of he models ignoréherole that FMSsplay inthe miring operation.The nodels

are not flexibledifferenttruck-dispatchingechniquexannot be implemented

1.4.0Objective of the thesis
This research has two main objectives. The fissio developvalid simuation and optimization

frameworkto simulatesurface miningand processing plawiperations(Figure 1.3). Thesecond
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is to develo@and integratefficienttruck-dispatchingdecisioamakingmodekinto the simulation
and optimiation model developed ite firstobjective. Tlesedispatching optimization modsel
can be implemented in any muiiagemining FMS. The simulation model incorporatboththe
mining operation and processing operation in a simjéyrated discrete evesimulation model
and at the same timecbmmunicateso the FMS and asks fpath flow rates and truck assignment
decisiors. Thestudy hadive main goals1- to develop anntegrated simulation and optimization
framework to evaluaeé surface mining opetions 2- to develop efficienttruck-dispatching
decisionmakingmodek to make decisions irthelower stage of any FMS:8 embeda currently
available FMS in the developed framewtwoknake decisionsabout thdlow rates of pathsas well
asto dispatchthe truckgo be implemented as the benchmark for the study, émbeddeveloped
truck-dispatchingnodelsin the developed framework: ® implementthe developed framework
with the embedded benchmark and develdpgtk-dispatchingnodels in a casetsty.

FMS (Optimization)
Upper Stage | | Lower Stage
D
Simulation
Mining Operation <—) Processing Operation

Figurel.3: Components of the research and their interaction

The research question to address in this study cdivided into two parts and lstated as follow

Simulation research question: cansimulation and optimization framework be
developed to mimic truck and shovel surface mining operations thaahanstalled

fleet management systemd is in communication witthe processing operatich

Optimization research questiooan adecisionmaking model be developed to solve
the truck-dispatchingproblem in surface mines in a way that minirsigkeovel idle

time, truck wait time, anthedeviation of material path flow rates from the target?

Another major objective of the study is fiod a way toapproach and consider uncertainties
associated with truck and shovel operationiruck-dispatchingdecisionmakingmodels.
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To achieve the first objectiyea simulation and optimization framewoik developed to be
implemented in surface mining opeaatievaluation. Therthe frameworkwasimplemented to
determinethe size ofthetruck fleet to meet the production requirement dictégthe strategic
level planning Afterwards the developedrameworkwasused ina mining operation thatises
Modular Mining DISPATCHR[11] as itsFMS. The framework withtheembedded DISPATC®H®
[11] wasused as a benchmark to evaluatetthek-dispatchingnodels developed in this research.
Later, heframeworkwasusedto evaluaé thetruck-dispatchingnodels developed in this research

as well ago analyz the behavior of the operation system when different scenarios applied.

1.5. Context and scope of work

Theresearchdeals withdevelopng a simulation and optimization framework that is capable of
mimicking surface mining truck and shovel material handling systeith anintegrated~MS.
The simulated modetonsides the effects of processing operation also addresses the
development oftruck-dispatchingmodels thatcan considemost of the important objectives
imposed by strategic level decision makers.

In order to achieve the firsbjective we created a systewith three major components. The first
conmponent ian EXCEL data file. This data file consists of all information frime status of the
mine including the production schedule (strategic level dleom schedule of the mine), the
shovel fleet and the truck fleet information (obtained from th@nygioperation database), road
network information, etcThe second major component of the integrated systeani8rena
discreteeventsimulation model. The simulation model consists of two mairsatels:amining
operation submode| and a stockpile ad processing operation conveysulmodel The
simulation model reads required input data from the EXCEL file. It is also linked to exterior

optimization software that contarMS decisionmakingmodels.

To accomplish the secormbjective we developed anmultiple objectivemixed integer goal
programming model, one stochastic linear programmdigsionmakingmodel, and one fuzzy
theorybased linear programming model. Each of tiiuek-dispatchingdecisionmakingmodels

is encoded in the optimization $ofre and linked to the simulation model.

The proposedruck-dispatchingmodek considerthree major goal of the mining operatign

including:
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1 Minimizing the shovel idle time ¢in the other word, maximizng the shovel utilization

and subsequently maximmg production;

1 Minimizing the truck waiting time or maximizg the total amount of materiaio be

handled in the operation;

1 Minimizing thedeviation from the target production assigned to each active pathtlising

upper stagenodel

The simulation modefieveloped fothe study considers a full integration betweélea mining
operation and the downstream processing operations linked to an external optimization
environment responsible for fleet management tasksl@tidionmakingprocesses. Goals tfis

part of the researdire
91 Capturing uncertainty of all random input parameters of the mining operation;
1 Embedding an industrially proven mine fleet management system;
1 Linking themining operation with the processing operation;

1 Accounting for the effets of thedelaysin the mining operation of thenaterial handling

procedure

1 Accounting for the consequences of detaysin the downstream processg#¢he material

handling procedure.

Althoughwe tried to make the FMS general for ttneck and shovematerial handling opation
in openpit mines there are always son@pics, whichfall outside the scope of a research project.

Herein, these topics are:

Changes in product price and operational costs;
Equipment maintenance;

Change made by drilling and btang;

Equipment failure;

= =2 =/ =4 =2

Equipment matching.
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1.6.Research methodology

The study can be divided into five main parts: simulating mining operations with an embedded
DISPATCH® [11] optimizer[12], developing mathematical modébr truck-dispatchingproblem

in the FMS, developing an integrated minjoigpcessing simulation model, and integrating the

FMS with the integrated simulati@nd optimizatiormodel.

Whendevelopng eachsimulation, optimization, and integrated mqdhke following stepswere

taken:
1 Theoretical model development;
1 Encoding and debugging the developed model;
1 Verifying the developed model using a case study.

The following lists of taskswere carried out to achieve the research goals. The tasks are

categorizednto three major areasperation, simulation, and optimization:

U Simulation
1- Building themining operatiorsimulation model;
2- Addingtheprocessing plant connection to the mining operation simulation model;
3- Preparingheinput data file;
4- Integratng with the optimization model,
5- Implementinghe modeinto the case study;
6- Postprocessing the integrated framework output for the case study;
7- Data analysis.

U Optimization
1- Selectinghe DISPATCH?® [11] optimizer[12] as a benchmark FMS;
2- Encoding the benchmark model in CPLEX;
3- Integrating the benchmark optimization model with the simulation model,

4- Verifying the integrated benchmark model;
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5- Developinga multiple objective goal programming mathematicabdel to solvethe

truck-dispatchingproblem in the FMS;

6- Encoding the developed muydte objective goal programming mathematical model to
solvethetruck-dispatchingoroblem in the FMS in CPLEX;

7- Running different scenarios with the developed mldtobjective goal programming

mathematical model and comparing the results against the benchmark mathematical model;

8- Developing a stochastic programming mathematical model to sdlve truck-
dispatchingproblem in the FMS;

9- Encoding the developed stochagirogramming mathematical model to salvetruck-
dispatchingproblem in the FMS in CPLEX;

10- Running different scenarios with the developed stochastic programming mathematical
model and comparing the results against the benchmark mathematical model,

11- Developinga fuzzy programming mathematical model to saletruck-dispatching
problem in the FMS;

12- Encoding the developed fuzzy programming mathematical model to thelteick-
dispatchingproblem in the FMS in CPLEX;

13- Running different scenirs with the developeduzzy programming mathematical

model and comparing the results against the benchmark mathematical model,

14- developing anultiple objectiveleet management system by combining the upper stage
decisionmaking model developed bj13], [14] with the lower tage multple objective

goal programming model developas part othis research;

15 Running different scenarios with the developed mldibbjectiveFMS and comparing
the resultgo the benchmarkMS.

U Operation
1- Case study preparation;
2- Preprocessig the required input data;

3- Fleet size determination;
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4- Framework implementation;
5- Operation evaluation.

1.7. Scientific contribution and industrial significance of the research

This research has two main contributiohke problem addressed tine optimeation parts the
truck-dispatchingproblem in truck and shovel surface mining operaiohhree different
approaches have been taken to solvetrinek-dispatchingproblem. The first model developed
was a multiple objective mixed integer goal programmingpdel. The model is the firstruck-
dispatchingdecisionmaking model in the literature thaapplied a multiple objective goal
programming approacto thetruck-dispatchingproblem. The goalvasto meet the production
requirement I n t Biraultamgouslgminenizisgdrack wait tinee, shoyel idle
time, andthe deviation of the path flow rate from the target r&er second approach involved
developing a new deterministic model for this studfter that the uncertainties ithe input
paramegrs inthetruck-dispatchinglecisioamakingprocedureveretaken care of for the first time
with two different approaches: stochagirogramming approacéind fuzzylinear programming
approachDevelopingthe stochastic programming modetjuireda numberof scenarios anthe
implemenation of the recourse methofll5], [16]. We captured the stochastic behavior of the
emptl travel time in theruck-dispatchingdecisioamakingprocedureWe then implementethe
fuzzy linear programming approach asg second approach &countfor the uncertaintyof the
input parameters in theuck-dispatchingnodel

The second main conltriition of this research the developnent ofan integrated simulation and
optimization framework foa surface mining operatiorhis frameworkconsists ofthe mining
FMS, materiaé handling operation, and processing plants that workhe uncertainmining
environment.The framework simulatean open pittruck andshovel operationThe framework
also provides a connection betweencalinponent®f the operation with thEMS andmaintains
consistent activeommunicatiorbetween the FMS and thshovels, rods, trucks, hoppers, and

conveyors.

The frameworkenableghe mining industry taleterminethe minimum number of trucks to meet
the production requiremeffibr the operations that have processing plants as welh &MSin
place. Thus far, simulation metth®to determire atruck fleet size are not able to considee

effects of processing plants as wellths FMSon the size of the required fled@the framework
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also maks it possible for mining companige evaluatedifferent operational scenarios in the
minesthat areusingan FMSas theiroperational decision makevloreover, the framework helps
the industryto examine differentlecisionmakingtools and their effects on the operation of the

mining system.

1.8. Organization of the thesis
Chapter 1 is a genaroverview of the research. It discustissbackground of the research topic.
It then stateshe problem of concerandprovides a brief summary of the literature reviévalso

explainstheobjectives of the thesendintroduesthe research method@y and contributions.

Chapter 2, the literature review, provides an overviemioing FMSsand simulation of mining
systems. Categorizing tHeMSsinto two main categoriesndustrial and academic, the thesis
extensively studiethe developedlgorithms br each specific level gdublicly availabledecision
making procedurs. It also providesan overview of the simulation studies condudtedining

operatios. The chapter ends witherationale for this PID. thesis.

Chapter 3 contains the theoreticarfrework for the optimization models and for the simulation
and optimization framewortteveloped in this thesis. We dividdee chapteinto nineparts. After

a brief introductionthe chapteexplains the models used as the upper stagsionrmakingtools.
Afterwards, introducing the lower stagreick-dispatchingdecisionmaking models,the chapter
provides informationaboutthe simulation modelThen, the chapterdiscusseghe integrated
simulation and optimization frameworknd themo d e | s 6 aandlimiaponst o n s

Chapter 4 discussdle implementation of all the developérick-dispatchingmodelsand the
developedsimulation and optimizatioframework. The chapter introducdbe case study, model
verification, design of experiments, determinatiéroptimum fleet size, and implementation of

the developed framework with differamtick-dispatchinglecisionmakingmodels

Chapter 5the last chapteprovides a summary of the thesis and contains concluding statements.
It also restatethecontributiors and limitations of this research and provides recommendations for
future works intruck-dispatchingn open pit mining operationsaswellas i mul at i on of

material handling systems.
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2.1.Introduction

Mining projects and more pscially surface mines are known as high cost expenditures that need
millions of dollars or in the largmines billions of dollars to be expend on them in both capital
and operatingosts Materiak handlingis the maincomponenbf the operating costndplays a

critical role in themining projecté decisionmakingprocedureA large portion of total mining

costs in an open pit mine must be allocated to excavating and transporting the excavated materials
from the mining faces to different destinations otitthe pit rim. As it is believed by many
researchers, 50% of operating costs in open pit mi2]jeand even in some cases especially in
large open pit mines up to 60% of the operation costs is to be@pemterial handlingR]i [4],

[17]7 [19]. Thus improving the transportation operation and subsequentlgasiog expenses of

this part of the operation even by 2 or 3 percent will save stockholders a huge amount of money.
There are twamportantways along with othergo improve material transportation efficiency in
open pit mineg2]. The first way is to implement large size trucks in the truck fleet with the
capacity of transporting more material in each payload, the point current truck manufacturers have
been reached to the maturityhd second principle/ay to reduce the cost of material transported

is to implement operations research techniques to enhance productivity of the operation. Although
asAlarie & Gamachg2] considersthere is a single stage approach like the one was presented by
Hauck [9]. In this approachHauck [9] implemens a continuous algorithm to maximize
productivity of the operation and send trucks to the destination in a way that minimize deviation
from the production target simultaneouddased on Alae & Gamachd?2], there isalsoa multi

stage approach of the opgihoperation optimization that is of the most interbsthe multi stage
approach, the problem igivided into tvo sub problems. In the first sub problemn static
scheduling algorithm is implemented to determine the optimal loaders configuration over the
mining faces optimum production rate for each route connecting loagoigts to discharge
points and allocatn of truck resources to meet production target. This stage called upper stage
and runs at the beginning of the shift and when the mine status changes. As tretdge/an
algorithm mostly based on assignment problem or rarely based on transporiaiempassigns

the trucks to a proper destination by the timetrucksask for a destination.

The systems containirdgcisionmakingmodels to do upper and lower stage decisions are called

Fleet Management Systems (FMS3hese decisionmaking tools makethree major sets of
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decisions: finding the shortest path, determining the optimum path flow rate, and dispatching

trucks. In the next section we provide summary of published literature in FMS.

Another area of concern is minimum size of the truck fleetaiodle the material handling
operation. This is a part of EqQuipment Selection and Sizing Problem (ESP) that should be solved

prior to start of the mining operation.

2.2.Truck fleet sizing problem

Loader related sub problems including loader type and capadédgtiea and its fleet size
determination and hauler type selection and its fleet size determination are twsetsaifsub
problemghat are dealt with irhie Equipment Selection and Sizing Problem (ESP) in surface mine
planning[20]. To solve the ESP in surface mines different deitl@stic mathematical models and
deterministic and stochastic simulation studies have been conducted thus far.

2.2.1.Mathematical estimation methods

Markeset & Kumar21] implementedLife-cycle costing (LCC) technique to solve the ESP in
surface mined_ater, Samanta et. aJ22] solved the ESP in surface mines using a combination of
LCC technique andnalytical Hierarchy Process (AHP) methdBased or{20], [23] the LCC
technique does not consider components of a mining operation other than cost in its estimation

process. Thus, it is not a qualified and reliable method to be implementedaretnis

Match factor is a value calcul ated based on
loading time A detailed explanation of the procedure of computiregmatch factor for different
types of truck and shovel mining operation can be&addn[24]i [26]. Results of the match factor

computation categorizes any mining operation into three different gréapte@.1).

Table2.1: Mining operation systems based on match factor

No. Mining operation system Match Factor

Undertruck system <1
Balanced system =1
3  Over truck system >1

Implementation of convertthal estimation methods countinued by Edwards ef23).using LP
model, Krause and Musingwif28] with implementing machine repair modelling, and Ercelebi

and Bascetifi29] who used queuing theory to solve the ESP.
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Besidethe mnventional estimation methods, mining experts have used a variety of methodologies
developedased on recent developmentsamputeiscience and operational resedi2d]. These
studies can be listed agpert systeni30], [31], fuzzy set theor{B32], genetic algorithnji33], and
multiple criteriadecisioarmaking[31], [33], [34].

However, there are two major drawbacks in implementing conventional deterministic models to
solve the ESP in surface mines. The first drawbathasthe developed models do not consider
uncertainties in the input parametddsndarloo et al[35] explains that even if the deterministic
modelling of theESP in surface mine is possible, the modeller encounters serious difficulties due
to presence of uncertainties in the input parametdrs. second drawback is that the solution
methodologies for ESP are not robust methodologiess. isbecause results tiie deterministic

model for surface mining material handling system which is stochastic in nature is not reliable and
trustworthy[35], [36].

2.2.2.Simulation methods
As most of the conventional methods to solve ESP in surface mines do not provide robust
solutions,researchers started to use discrete event simulation (DES) to S#vprBblems that

helps to capture impacts of uncertainty of the input parameters on ESP.

Highlights of DES application in surface mining operation studies are the workslbgja &
Mutmansky[37], Ataeepour & Baaf|38], Yuriy & Vayenas[39], Dindarloo et al[35], Que et al.
[40], Upadhyay & AskarNasalf7], Chaowasakoo et g41], Chaowasakoo et g42], andZeng
et al.[43]. To find out more about application of DES in mining operations, readeza@waraged
to readMoradi Afrapoli & AskartNasalj44].

Althoughone of the main concerns about the ESP have been mitigated by implementing DES, the
thus far developed DES models usually contain two major disadvantages that force the solutions
to be far from optnality. These two major drawbacks are ignoring presence of 1) mining fleet

management systepand 2) downstream processing plants.

2.3. FleetManagementSystems(FMS)

2.3.1.Some of the available FMS in the market

Some of the mining and software engineering comgatt@se providdecisionmakingservices
for mining operations, deliver fleet management system to surface mining operatibnsgh

variety of locally established companies exist that install and support their own fleet management
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systems for local snilamines, there are some FMS providers that are in the business for a while
and are world widely recognized®some of the highlighted companies ar®todular Mining
Systemswith more than 236 installatiofill], Jigsaw Softwarewith more thanl30 active
installation [45], Wenco(Canadian company headquartered in Vancouver, BC) with about 70
installation [46], TATA consultancy servicethat claims of 10% to 15% improvement in the
production[47], Micromine[48], andCAT® MINESTARE FLEET [49]. Table2.2 represents the

FMS names, its provider company, number of mines it has been installed thus far, and some
advantages that is claimed by the provider company

Table2.2: Industrial mine fleet management systemsnmary and stat§44])

FMS Company Installed Advantages

9 Haulage Optimization

1 Qualifications Management

9 Fuel Service Management
Auxiliary Equipment Management
Remote Supervision

Payload Analysis

Ore Blending Control

RealTime Web Reporting

Modular
DISPATCH®  Mining Over 200
Systems

OEM independence
Universal Software Platform
Ability to harnesses any industry standarebdsed
wireless network
. Leica Identical onboard SQL databases & office server that
Jmineops Geosystems 30 replicate in reatime
Distributed database architecture
Instantaneous data relay
Realtime compliance control
Automated cycle logic

A -=Aa-a -—Aa-A8_-8_-°a_-2

=a =4 =4 =4 =

=

Realtime views of location and activity f@ll equipment at the
mine

Assignments sent to operators based on current mine parar
Roads and detours updated as equipment travels through s
Operators kept on task with onscreen work details

Status of all shovels, trucks, drills, dozers, and o#igeipment
monitored

Ongoing events monitored with customizable, #teéak alerts
Observe machine performance with data direct from O
systems

Boost communication between operators and dispatchers
onscreen messaging

Maintain data integrity with on lawd store and forward
Follow trends in KPIs with reaime and historical data reportin
Connect over 3G or 802.11 Wi for data transfer

Operate in an open architecture environment based on Wini

= =] =] =

Wenco
Wencomine  Mining 65
Systems

= =] =]

= =4 -4 A
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1 Enhancig the management of all types of equipment operati
across one mine site or multiple sites. It also allows you to e
drill down for more detailed views and analysis, from report
on selectable groups of assets down to individual machines

1 With the capability to run scenarios that help determine

CAT® ) Not impact of operational changes prior to implementing them, F

MINESTARE  Caterpillar , makes it easy to keep your operation running safely and at
available X

FLEET performance, with redgime control.

9 It also can work with data from all ggs of assets an
equipmend including offhighway trucks, wheel loaders, mot
graders, wheel dozers, shovels, light duty vehicles
equipment from other manufacturérfelping you reduce cost
per ton, enhance productivity and boost overall site pralittab

9 Suitable for the underground operations engaging autorr
mining practices

fTThe solutionés intuitive &

makes it ideal for open pit mines

Providing an overall view of the current misetus

I ncreasing clientsé control

Its greater control allows sites to increase production

Reduce costs

Improve safety and business intelligence capabilities

Not

Pitram Micromine .
available

=A =484

Minimizing the cycle time for open pit mine emtions and
improving mine productivity
Efficient queue management and monitoring of mobile asse
Effective visualization throughout the operational bounda
within a mine
_ Not 1 Monitoring of critical parameters of HEMMS and auxilia
Dynamine TATA available equipment for CBM andadety
9 Ability to integrate with mine surveys, mine planning a
enterprise applications
1 Ability to be configured with open standard hardware :
software platforms such as Microsoft Windows or Linux
91 Monitoring of the performance of draglines with respecthe
swing angle, overload, etc. to maximize operating efficiency

= =4

As companies do not have willingness to disclose the algorithndeaislonmakingmodels they
are using in their developed FMS, reviewing literature for the companies FMS is impolséble.
only company that revealed the algorithms dedisionmakingmodels of its FMS is Modular
Mining System that in two papef$0], [51]) disclosed theidecisioamakingalgorithms working
behind the scene in DISPATCHI11] FMS.

Based on disclosed information regarding the backbone algsriti DISPATCH [11] FMS,
Figure2.1 andFigure2.2 showdecisioamakingprocedure in the DISPATCH11] FMS and the
tasks it accomplishes to take every decisrespectivelyl n t he first step, mi

information is inputted to DISPATCH [11] using some formsimplementingthe Dijkstra
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algorithm the FMS finds the shortest patit trucks can deliver material from loaders to the
dumpsin the nexistep A two segment.P determines theptimal material flow ratan each path

In the last stepusinga Dynamic Pegramming (DP)the FMS dispatches trucks to the right
destination and updates the status of the fditp

Data Entry
Manual Assignment

'

Pit Database and Expressions

< Real-time > ( Simulator )

Assignment

Reports and Utilities )/

Transactions and Exceptions

Pit DatabasTPit Database

/ Algorithis
\\_ o

N
/

Figure2.1: Schematic representation of DISPATCH® block diagfatij

Mine Topography

v

@inding the Shortest Path9

Pit Configuration Routes afld
and Constraints Travel Times

\ 4
Operation Optimization
(Linear Programming) Update

List of Trucks ¢Path Flowrates T1.‘avel
imes
Dispatching (Dynamic
Programming)
v

Figure2.2: Procedure through with DISPATCH® assigns trugky
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2.3.2.Finding the shortest path

Theshortest path problem the problem of finding pathbetweentwo vertices (or nodes) in
agraphsuch that the sum of tleeightsof its constituent edges is minimiz¢d2]. Several
algorithm have been developed in operagiaresearch for finding the best (shortest) path. Some
of the most important ones ai@ijkstra[10], Bellmani Ford[53]i [55], A* search[56], Floydi
Warshall[57], [58], Johnsorj59], anViterbi [60]. Despite the variety of the algorithms avhl&a

to solve the shortest path problem, as claimed by Jaoua[6éijalthe road network in surface
mine is not that complex to implement any specific algorithm. Thus, in mining industry, most of

the FMS use Dijkstra algorithm.

For instanceDISPATCH® [11Jus es Di j k s t TheFMS hasobjegtive diminimining

travel time for transporting material from a loading face to a dumping area or travelling from a
dumping area to a loading fackfter solving the shortest path problethe FMS providesthe

total minimum distance and travel time fach specific transport atite nodes trucks must pass

through to reach the destinatitor the upper stageecisionmakingmodel

Beside DISPATCH [11], most of the FMS developed thus far, such as the one presented by
Temeng et al[62] and Temeng et al[63], al so use DiHauck[?] dddiriecdsthea | gor i
shortest path as the shortest trar@le route from loading to the tipping point. Then solved it as

an LP sub problemmsing Dijkstraods algorith

However,some FMS in the literatunenplement a different algorithm to find the shortest path
between shovels and dumps.one of then, in their nonlinear model of solving upper stage
problems as a network problefElbrond and Soumifs4] and Soumis et al[65] solved a non
linear programming (NLP) network problem to find the shortest path batwkloading and

discharge points.

2.3.3.Upper stagei production optimization

After finding the shortest path between all the loading mining faces and the dumping points, next
level of thedecisionmakingin surface mining operation comes into effect. FMSlengent a
mathematical model to make the best decision regarding this operational pr8bleimg all of

the mathematical models in the literature result in either optimum tonnage of material to be
transformed from each specific path or optimum numbetuckttravel to be made on each path.

To solve upper stage problem, several researchers implemented different operational research
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approachesin following subsections, we present some highlighted contributions categorized

based on thesolutionapproaches

2.3.3.1.Queuing theory approach

Gross et al[66] defines a queueing system as system in which a customer arrives for a service, if
the server is not available immediately, the costumer waits for it, and after taking the service from
the server, it leaveE&rlang[67] developed queueing theory for the first time to predict the systems
that attempt to provide servicdhie queueing theory that is defined as the mathematical study of

the customer soOntaoitheserverigg]. | i nes i n fro

Koenigsberd69] is known as the first researcher who used queueing theory concept in mining
fields. In his researctKoenigsberg[69] modeleda room and pillar underground mine and a
surface mine haulage system using queuing th&yrincreasing the number of trucks in the fleet,

solvingmodeldeveloped b¥Koenigsberd69] will be computationally time consumirig0].

With respect to the truck and shovel operm some researches have been published in the
literature that approach to different problems using queueing theory. Among the studies following
gueueing theory approathe works ofBarnes et al[54], Dallaire et al[55], Carmichae[56],
Kappas and Yegulalfb7], and Xi and Yegulalp58] can be highlighted.

Moradi Afrapoli and AskarNasab[44] summarized the imlpmentation of queueing theory by
Dallaire et al[55]. Dallaire et al.[55] used an analogy of sestem of many networks for mining
operation. they used mean value analysis method founded on recursive relation of the waiting
times to compute the truck cycle time fmach individual truck as well as capacity of truck fleet.

The developed queueing theory based model has two major shortcfdihddhe model fails to
incorporate travel time as an infinite server queueing system that is similar to the drawback of the
gueueing theory model developedi®grnes et al.71]. It also leaves the final dispatching decision

to be made by the human dispatchene model developed by Barnes et[d@ll] has another
disadvantage that comes from its Erlang distribution characterigtiesdistribution can only
accept variation in the interval time coefficient to be less than one that is simply violated in mining

operations.

Implemerting analogy of a production network for truck and shovel material handling operation
in surface mineKappas and Yegulalfy2] consdered trucks as customers and all the serving area

in mine like roads, discharge points, loading points, and maintenance areas as servers in their
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gueueing theory model. Although they consider that, the developed model behaves stochastically,
the assumptin of a mining operation with Markovian natusenot acceptable based (].
Moradi Afrapoli and AskarNasalj44] notified that as totally different distributions can be fit on

the service times in different area of the mining operation, such an operation is noti&tarko

Stochastic truck behavior in queue at dump was considered in the queueing theory model
introduced by Najor and Hagdin3]. Results of implementation of their model in a case study in

Australa show that neglecting the queue at hoppers leads to misestimating of the total production.

Based on the queueing theory model developed by Carmifh#ela truck allocation model
capabl e of approximating number of truck requ
feed rate was developed by Ercelabd Bacetirf29]. We presenthtar developed moddbelow

from Eq.(2) to Eq.(12):

AN+M 1 g(N+M 1)!

E N ZT(M-N @
Pk, )= A(No.KO %782 3% f §okg @
ny /?’7'— M7 cm + g =M, ¢ o=
aP(nn,Kn,)=1 (3)
& 3 Q" 5 Y.
P(N.O..0=ea 32 § &~ § ¢
g ¢+ & +Mog¢y
(4)
An=N (5)
Prphaseiisworking=/4 4 & P n n Kn.On,, K (6)
L,=anP(n,n,Kn) -&Rnn Kp) (7
W=W, £ 8)
1 | m

v 1
LCT = a (W, +;i7) 9)
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Production= 1€ period oﬁntgrest 3N fruck capacity (10
averagecycletime

Production= time periodof interesti, ., ¥... trdck capacity (11
Cl + C2 N (12)

" unit productior? truck capacit

Where:

N
M

is the total omber of trucks

is the total number of service cerst (herein: loaders, loaded haul roads, en
haul roads, dump sites)

is the number of trucks iit" service cergr;

is the steady state probability E4);

is the service rate at” service cergr;

computes the probability that service egrit" is workingi utilizationi Eq(6);
calculates the expected number of trucks in the queue at"ttservice cerdr
Eq(7);

is the expected time a truck sperdservice ceetr (=L, / A, );

estimates the expected time that a truck spends iii"ttservice cerdr Eq(8);
is the average total cycle time for a truokcompleteM service cerdrs Eq(9);
is the cost per unit of shovel (including capital and operating ¢osts)
is the cost per unit time of truck (incling capital and operating costs)

is the total cost for unit production

Average cycle time is the sum of load time, dump time, queuing time at the shovel, queuing time

at the dump, loaded haul time, and empty haul tim€1E@), (3), (4), and(5) show the procedure

from which the probability of each phase utilization is calculated1Bxpr (11) are implemented

to find production per unit of time and EtR) computes total cost p&wn of material extracted.

The developed modelas some drawbacks. The model assumes Markovian behavior for all the

uncertain parameters. It also assumes homogeneity of the mining fleet in the operation, and it

c al

cul ates transporteroés cycle time kmamgd on

travel from a single loader to an specific destinafizt].

f
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2.3.3.2.Linear programming approach

Most of the thus far developed FMS implement Linear Programming (LP) approsatiigaipper
stage problemModular Mining Systems FM®ISPATCH® [11] implements a two segmebP
modelto make optimal decisions on theoduction requirementpper stage problenn surface
mining operationsLP model of the first segment results in optimal digging rate at each active
loader or shovellThe optimal shovel production rate from the first segment LP is directly used in
the second LP segment as an input set of paramebensin the second LP segmdDISPATCH®

[11] determines mmimum required transportation capacity to meet the shovel digging rate

requiremen{44.

Two main advantages of the model developed by White and (38pandOlson et al[51] which

the FMS of DISPATCH [11] uses are using information from current status of miningatios

as input parameters and resulting in tonnage of capacity required to meet the production
requirement rather than number of trucks to mgddit However, as all the researches have their

own drawbacks, two major drawback of their model &raot consideringequiredstrippingratio

in the operationand2-al | owi ng variation of the pltamtsd he

impacts on product quality.

Bonatesand Lizotte [75] introduced an B modelfor handling upper stagdecisioamaking
procedure thanaximizes shovel productivityas its objective. The mathematical model developed
by Bonatesnd Lizotte[75] is presented here as a base for all LP type upper démggonmaking
models (Eq(13) to Eq.(21)).

maxZ :é_ PX fné_q X (13
Subject to:

4% ecc (14)
ale,-G]x = (19
ale-alx (16

X, <MAXR for k 4,2,...,.n # a7
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X,.>MINR, fork #,2,...,n #r (18)
né?[xk /B]eTT (29
RA X~ &X (20
R& X - é‘& © (21)

Where:
i is the index of shovels in ore
j is the index of shovels in waste
n is the total number of shovels in ore
m is the total number of shovels in waste
k is the general shovel index
CcC is the crusher capacity
X is the ore production per period of shovel
X, is the waste production per period bmf shovel
R is the priority ofi™ shovel for production
Q,— is the priaity of jth shovel for production
G, is the material quality upper limit
G is the material quality lower limit
G is the material grade af' shovel

MAXR  is the maximum digging rate &' shovel

MINR, is the minimum production rate &t' shovel

B, is the linear apmximation for trucks working wittk" shovel betweerMINR,
and MAXR

TT is the total number of available trucks over the time horizon

R is the lower limit of SR

R, is the upper limit of SR
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Constraint(14) makes sure that total production of shovels working in ore does not exceed the
maximum capacity of the crusher. Bdp) and (16) guarantee that the ore quality is within the
prescribed limits. Constrain(&7) and(18) ensure that the total production of each shovel over the
period will not deviate from the minimum and maximum diggratg of the shovel. Eq19)

ensures that the total number of trucks used over the solution time horizon does not exceed total
number of available truck€onstraint20) and(21) ensure the strippingatio requirenent will

be met.

The model presented Bq. (13) to Eq.(21) can be used as a general LP model to handle upper
stagedecisioamakingin FMS. The model accounts for stripping ratio requirement as well as
shovel s 6 Ngnetheless,ithere exdsts a wrong assumption in developing the model
regarding increase s h o v e | production by increasing the
is that the production rate of shovel has a linear relation with the size of the transporter fleet that
is not correct in terms of heterogeneous fleet of trusksling stockpileand rehandling to the
objective function is necessarytime model that Moradi Afrapoli and Aska¥iasalbj44] refers it

as the model 6s second dr awback.

Despite all the efforts, there had been no linkage bettvessoperational levetlecisionmaking

and the stratgic leveldecisionmakingin mining operations until the model presented3ygur

et al.[76]. In their proposed modekurguret al.[76] contribute in assigninghovels to the mining
faces. The main objective of the model is to minimize deviation of the production from target set
by the strategic level. Based dtoradi Afrapoli and AskarNasalj44] the model has two major
pros. The model considers availability of truakeach time span it makes decision for. The model
considers mining operation as a mylériod operation and solvélse upper stage problem for
several periods at the same time. This resulis@ounting for the influences of the decisions made

in current period in the next periadecisioamakingprocedurg44].

In a recent research that has its case study from oil sands mining, TE¥&t developed a mixed
integer Inear programming (MILP) model to solve the upper stage problem in FMS. The model
has objective of minimizingptal number of trucks required to meet the production schedule. The
developed model is not capable of handling a heterogeneous fleet offfidicks
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Using a knapsack problenPLapproach, Mena et §7.8] developed a ma#dmatical model to be
implemented in upper stage problem solving procedure in FMS. The maghizescumulative

truck fleet productiorior a specific periodThe equipment mechanical availability is considered

in thedecisionmakingmodel presented by Maret al.[78]. The mechanical availability igsed

as a multiplier for thgroductivity of the trucks on each specific route in the mineniAing
operation simulated for evaluating their modsults of their implementation showed that their
developed model represents more accurate decisions pacson to the model where the fleet
availability was not considered@he major drawback of the moded claimed by Moradi Afrapoli

and AskariNasalj44] the problem turns into infeasibility in a certain time of the operation when
more than a specific number ofitks are out of operation for the maintenance repaiother
disadvantage of the model is that only availability of the trucks is inputted in the optimization
problem. However, the priority in the mining system is the use of bigger equipment and adding
availability of all the equipment which plays a role in the production procedure is needed. Along
with the above concerns, the blending requirement of the plant feed is not considered in the model

as well.

The most resent model based on the LP has beemfrddey Chang et a[66]. The model
schedles trucks over a shift by implementing MILP with the objective of maximizing
transportation revenue. Then a heuristic rule is implemented to solve the model. They also take
into account transport priority. The model is based on a homogenous truck dleist fér from

reality and causes neasptimality of the model results in a real system. The model does not
consider the stripping ratio requirement, as well as ignores the stochastic nature of the grade

distribution. Plant capacity and feed head gradéga@ed as well.

One of the major drawbacks of all models developed based on linear programming is that to
consider the limitations of the operation, such as the stripping ratio and required feed grade, the
models have to define an acceptable range. Haweedining a range pushes the operation far
behind optimality, especially if the plant feed grade requirement changes. To clarify, let us assume
that the objective is to maximize the production. Then probability of truck assignment to the shovel
closer tathe crusher, resulting in a shorter truck cycle time, will be higher. If the average grade at
these closer faces is fairly close to one of the allowed grade boundaries, then whatever the
dispatching algorithm is the feed grade within the interval iscdilfito control. As a result, the

existing of stockpile and subsequentlyhandling cost associated with it is undeniably increased.
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2.3.3.3.Non-linear programming approach

Most of the models presented in fleet management systems are focusing on upper stage or sh

and truck allocation. The model developed by Soumis g%l performs the upper stage in two

steps As the first step, it fixes the shovel sdé |
linear programming (MILP) model with respect to available trucks and the objective of
maximizing the production subject to quality constraints. The MILP madigfisn lists preferred

| ocations for shovels on the computer screen.
allocation based on the list appearing on the screen. Subsequently, as the second step of the
algorithm, Soumis et aJ65] represent the truck travel plan between shovels and dumping points

by solving a nodinear programming (NLP) modelhTe model 6 s obj ective fu
three components: 1) shovel production objedtigemputed shovel production; 2) available truck

hoursi computed truck hours which includes truck waiting time as well; and 3) penalty for the
deviation of the pyduced ore material from the blending objectiianirathinam and Yingling

[79] claim that there is an advantage of using NLP versus LP where thesgloints of the paths

will not be on the extreme points of the solution space, since solution methods for solving LP
models always look for the optimum solution on the corner of the feasible regions, whereas NLP
solution methods search for the optimsoiution over the entire feasible region. As a result of
implementing the NLP model, the flow rate will be split over paths, helping to achieve blending
goals easier. Beside the advantage of the model, it is assumed that all trucks int Heddbe

sane capacity, ahomogenous truck fleet. However, generally the truck fleet in mines is
heterogeneous with different types and capacity of trucks. The second drawback of the Soumis et
al. [65] model is the assumption of fixed grade material in each mining face. However, the
stochastic nature of the ore material quality even in a single block is not ignfdrabilee third
disadvantage of the Soumis et [@5] model is tkat the model was not presented clearly in the

paper.

2.3.3.4.Transportation approach

Although the transportation modelling approach solves the production optimization problem based
on an LP model, because of providing a different definition for the problem tiklimg
approach is being consider as a separate subsection80] presenta model with the objective

of minimization of total transportation work on a travel path(Z2), subject to ensuring meeting

a targeted stripping ratidsq.(23) and (24), meeting the headrade requirement, E@5), and
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ensuring that the number of trucks entering into a loading or dumping node is equal to the number
of trucks leaving that nod&q.(26). Transportation work is defined as the distance that material

is transported multiply by the amount of the material. The transportation model was presented by
Li [28] for five shovels as follows:

ij

mnW=4 & X (Z +2)

g
"9 +a wz @ fap

s jis, & k i $ ¢
(22)
+ & A Xz &g
1,65 68 il & =
Subject to:
PIT¢ § %2 forils (23
iis, ¢s,
P/IT¢Q X 4 forilg (29
iiss
aa® ax, =4 4 § forq42..Q (25)
s iy if§ 6
- . . 4 5
ax; = ax, forjily (26)
ii's; ki, i=1
Where:
S is the set of ore shovels

S is the sebf ore discharge points

S, is the set of stockpile points

S, is the set of waste shovels

S is the set of waste disposing points

X; is the truck flow over path froni" loading point toj" discharge point

K. is the total number of segments on pith

D is the length ofk™ segment orij" route

i is the road resistance factor kit segment ofj " path

Z is the net truck weight
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Z, is the ore payload

Z, is the waste payload

T is the planning period over which number of loading and dumping points ¢
change

P is the amount of material to be transported frdioading point inT time

Q is the total number of ore quality indicator

a9 is the ore quality of indicator g &t loading point
a'@ istherequired ore quality of indicator g at processing plant

S is thesetof all loading and discharging points that have patHhtdischarge poin

S,  istheset of all loading and discharge points that constitute feasible pathg frc

The method implements tledovementioneddP model to allocate the optimal number of trucks

to a route meeting its productivity rate. The model presented is based on a five shovel fleet, but
the author claims that the model can be implemented in a mine with a higher number of loading
points as well. The model considers the productivity of eaatvethand also blending
requirements. One major drawback of the model is that the total model operational plan, including
upper and lower stages, is based on a homogenous fleet. However, this model will not guarantee
optimality in real projects where theeéit is heterogeneous because it allocates trucks to each
shovel based on the assumption of the same capacity. Another major drawback is that the model
does not consider truck breakdowns as a major ¢lahthanges the mine status.

2.3.3.5.Goal programming approach

The Goal Programming (GP) was first introduced Ima@es and Coopé81] andCharnes and
Cooper[82]. In the simplest version of GP, the designer prepares some goals he or she wishes to
achieve for each objective function. Then, the optimum solution is the set that minimizes
deviations from the goals that have been set, meanaighls solution does not maximize or

minimize a specific objective, but tries to find a specibalgzalue of those objectivg’3]. In the

mining operation optimization, there exists a variety of goals to be achieved, such as production
maximization and maintenancéare quality between the desired lim63], optimization of the
processing plant utilization, and min[d&i zati o
Temeng et al[63] formulated a model of open pit mine operation optimization based on GP that

is presented below:
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Where:

Where:

is the priority factor for production
is the priority factor for grade control

is i"" shovelproduction negative deviation variable

are the positive and negative deviation from ore grade indisasar j"

crusher
is the number of shovels

is the number of quality identifiers

is the number of the crushers
is total number of destinatis

is the number of shovels working at ore faces
is the production to be assigned to iHe path connecting™ shovel to j"
discharge point in each shift

is capacity of truck that is to be assigned frbt?mlumping pointtd™ shovel
per shift
is the maximum production of" shovel per shift

is the minimum production af" shovel per shift

is the maximum available capacity of discharge point per shift

is the average ore quality indicator kitshovel

is the target ore quality indicatorak j" crusher

is the prescribed lower limit of ore quality indicakoat j" crusher

is the prescribed upper limit of ore quality indicatat j" crusher

are the prescribed lower and upper bounds of required stripping ratio

is the average traléme fromi™ shovel toj" discharge point

is the average dumping time gt destination including spot time
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R; is the average travel time fron discharge point té" shovel
S is the average loading time dt shovel including spot time
N is the number fatrucks

T is the weighted average truck payload

The model maximizes shovel production and ensures the ore grade requirement achieved as much
as possible by Eq27), Eq. (28) andEqg. (29) ensure that the total maigrtransported from™
shovel cannot exceed the shovel s digging rat
Eq. (30) makes sure that the totalaterial dumped in each dumping point cannot surpass its
maximum capacity. E(B1) andEq. (32) ensure that the number of trucks entering a node is equal

to the number of trucks leaving the node. B8), Eq.(34), andEq. (35) guarantee the ore quality
requirements at the plarkqg. (36) conserves the production between the required stripping ratio.

Eq. (37) ensures that total production cannot exceed total truck capacity availaklenain
advantage of the GP model developedrbyneng et al[63] is that it optimizes two major goals

of the open pit operation simultaneously without neglecting either of them. Besides covering the
objective function drawbacks of previous models, this model compensates for another
disadwantage of the LP models, that is, defining the upper and lower limits for the target grade of
material sent to the plant. However, the model has some disadvantages. It does not consider all the
goals supposed to be met in an open pit mine operation, swexfugpment movement costs and

SO on.

2.3.3.6.Stochasticprogramming approach

Ta et al.[84] implemented a changmnstrained stochastic optimization to allocate trucks in an
open pit mine as a part of the upséage of a fleet management system. They also used an updater
to renew the model and parameters by the time shift or status of the mine changess&hied

model considers truekoad and its cycle time as stochagterameters. The decision variables in

the model are number and types of trucks allocated to the shovels. The authors claim that their
stochastic model can be solved by converting it to a quadratic deistimmimodel and
implementingmixed integer nonlirer programming techniques and solvers. Howesalying the

model using NLP techniques is time consumifigus,the initial model was divided into two sub
models. The sulmodels were solved to allocate a discrete number of trucks to each loader. The

main nodel is as follows:
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Minimize TruckResourced 8 &K d X d g ) (truck unit (39
s d g

Subject to:

PrOt{Vo +H [VTruck -VExtractior'] vMir} a: (40)

V.= a a 60 L.(s,d,g)X(s,d,q) (tonnes/ h (41
Truck a a ; O(S, d, g) o\ Hy Uy

a 3 60 L,(s,d,9)X(5,d,9¥ Cqroes $ ) (tonnes/ h (42)
. O(S, d, g) Lt} 10 Shovel

a ax(s,d,g)¢R() (43)
s d

X(sd g2 0 (44)

Eq. (40) ensurs that the confidence leveltine model is more than or equal to the predefined level
a . Eqg.(4)) calculates the total volume of material that a truck can transport in a unit of time (hr).
Eq.(42) aimsto limit trucks at shovel based on the shovel capacity(d3)andEq. (44) limit the
number of trucks in use to the available trucks in the fleet. Thesfutstnode| which is a

probabilistic chanceonstrained model, is as follows:

Minimize TruckResource(3 8 8 & d X d ¢ (45)
s d g

Subject to:

Vooo=8 5—20 T (s,dg)X(s.dig (46)
Truck ad. ga.i_o(s' d, g) o\ Yy 1 Uy

PrOt{Vo +H [VTruck -VExtractior'] vMir} a: (47)

VTruck ¢ CShove( $ (48)

VTruck 2 mCShove( 3 Wher@ ¢ m :n: (49)
a ax(s,d,9)¢R(@) (50)
s d

X(sd 920 (51
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The first sub problem is almost the same as the genkanceconstrained problermexcept for

the constrainf49) that maintainsite solution from the assignment of zero trucks to shovels. Also,

a minimum ore throughput from the shovels is maintained by usinghe model must be
simplified as a no#inear deterministic model and be solved by use of nonlinear techniques. The
model povides a continuous amount for the truck number, which must be a discrete number. To

determine this number, a second sub problem was presented:

Minimize Truck Resource(B§ 8 & 9 €d g (52
s d g
Subject to:
a a &()Y(sd 92 TruckResource( (53
s d a
8 B L,(5.0.0) Y(5.0.0F Cope § (54
$ gaTo(S. d, g) o\~ 1+ Shovel
8 B L,(5,0,0) Y(5.0.0} MCyypy 6 (55
$ gaT_o(Sa d, g) o\~ M [t hovel
a av(s.d,g¢RrR(@) (56)
s d
i=1:Y?(x,d, g) 20 57
i=2,3,.. Y xd,g)-1 ¥ (x,d,g) ¥Y(xdg .
Y(sd 920 (58)
Where:
S is the shovel type; d is type of discharge point
g is the truck type
K(9) is the cost coefficient of truck type g. For the truck type g with

smallest capaciti{(g)=1 and for the rest it is calculated based on t
For example, in a fleet consisting 280 ton and 320 ton capaci
trucks,K(240F1 andK(320k1.33)

X(sd g is the number of truck type g assigned to shovel s and dul
(fractional or theoretical)
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Y( sd @ is the number of truck type g assigned to shovel s and dump d (dis

L,(s d, g is the truck type gapacity working on route connecting shovel <
dump d

t.(sd g is the ore truck cycle time (minute)

A Is theinitial surge volume

Vi & Vewaaon  @retheore production rates that go in and out of surge per hour

Conovel( S) is the capacity of shovel s (tonnes/hr)

D,, is theamountof waste needed to be handled per hour

R(g) is the available number of type g trucks

H is thenumber of hours in each period of concern

m is theused to specify the minimum amount of ore to be mined by

working shovelg0¢ m @ ton/hr)

Constraint(53) defines the lower bound of the objective function. &), Eq. (55), andEg. (56)
are the same &x.(48), Eq.(49), andEq. (50) in the firstsubmodelwith the exception of number

of trucks being discrete. E(b7) helps to move to the next time pmtirealistically.

The objective function value of the first sub problem helps to define a lower limit for the objective
function value of the second sub problem. To move to tletmee horizon, constrain?) is
defined to ensure gradual transition of allocation from the current peridtbugglh the model
provides a good conceptual backgroundfiiestochastic optimization approach to solve the multi
stageoptimization problemthe modeltakes into accounanly the probabilistic nature of truck
travel times.In addition,the model formulation is very much specific tg@ecificmining case

and cannot be generalized to other mining systems.

2.3.4.Lower stagei red-time dispatching

Reattime decisionmakingon the destination of trucks in a mining operation was first used in the
early 1960s with implementation of radio communication tools to link between dispatcher and
trucks operators in a fixed truck allocatimine. However, based on the utilization of the modern
computer, reatime fleet management in mining operation systems are divided into three major

categories: locketh or fixed allocation, sermautomated, and fully automated systems. In the
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lockedin mehod, there is no effort for dispatching the transportation units. -Setomated
dispatching, which has been developing by increasing the computer usage in the mining sector, is
divided into two different classes: passive and active. In the earliertblgssmputer just displays

the current mine operation information and does not have any role idethgionmaking

procedure. However, in the latter class, computers use current mine status information as inputs
and process them based on predefinedmedalsl suggest a | i st of assig
decision. In the automated dispatching, the data of the current mine status and condition and
position of the equipment within the operation are collected into a main computer server, which
then sendghe assignment to trucks after solving some heuristics or mathematical programs. What

we review here is the last class where computers receive data, process them and assign the trucks

to their next destinations.

There are two major approaches governingpaiching procedure: the assignment problem
approach and transportation problem approach. The first approach itself is a subcategory of the

transportation problem in the operations research.

2.3.4.1.Assignment poblem approach

A general assignment problem is admaled transportation problem in which all demands and
sources have capacity of one unit. In each assignment problem, there is a cost matrix that consists
of the costs associated with assigning each supply to each demand. The objective of each
assignment mael is to minimize the cost of allocating supplies to demands. In the mining context,
the assignment problem has been used mostly to dispatch trucks as supply to shovels or dumping
points as demand. The objective in mintngck-dispatching based on thesaignment model, is

to minimize shovel idle time, truck waiting time, inteack time, and so on. In comparison with

the other approach, almost all réiahe truck-dispatchingnodels in both industrial and academic

research areas are based on the assigrpneblem.

After solving the upper stageoperation optimizatioin LP problem by implementing the simplex
method[85], resulting in the optimum material flow rate on routé#)ite and Olson[50] and

Olson et al[51] employ the dynamic programminD®R) [53] approach to send trucks to the proper
destination. To do so, two lists and three parameters are defined. A list of needy shovels or LP

selected paths dra list of trucks dumping material at discharge points eoate from a loading
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point to a destination are provided. In addition, ntiee, which is defined as the expected time

for each pathdéds next truck requirement, is ca

Then, the neediegath, which is on the top of the neediest shovels list, will be the one with the
shortest neetime. Then loston is defined and formulated as a criterion to find the best truck for

the neediest path from the truck list.

Considering the logion definitian, the best truck is the truck covering Wmh of neediest shovel
the most. After the best truck is assigned to the neediest shovel, it is moved to the last position on
the needy pathsod 1 st and the procembwthe i s r

neediest until all trucks on the list are assigned.

Defininga rolling time horizon when a sequence of assignment is needed is a benefit of the model.

The information of the mine status used in the model is always up to the minute. However, the
model does not consider the effect of current truck assignment on the forthcoming truck matching,
though all trucks previously sent to the shovels are considered. Another drawback of the model is
that despite the aut hor s ®P.tisaheunistic ruldsslvigedctut i on
subproblem based on the best solution of previous sub problems. Based on Alarie and Gamache

[2], the solution med$ hparblsa mms smeacna mgyge acf at D auw
of Bell mands principal of 0% [tL1] syatém hag .beenHo we v
implemented in about 200 mines all around the world andrnso&i dominant player in the FMS

market.Table2.3 summarizes the procedure with which DISPATC#tIves a mine production

problem.
Table2.3: Summary of the models DISPATCHises in the fleet management systems
Category Shortest Path Allocation Dispatching
o L : L : Minimize losttons caused
Objective Minimize travel time Minimize total trucks required

by the assignment
Shovel sbé dig
Dump area capacity

Continuity at each loading and

Intermediate call points a discharge point Proximity of truck that
Constraints truck should F;SS Total number of trucks available asks for an assignment t
P in the fleet the destination

Blending limits of grades
Targets of material category
blending
Solution

i i Dynamic Programmin
Method Dijkstra Simplex y g g
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Algorithm often does not
have to investigate all edge Model is up to the minute
Dijkstra's algorithm has an Flowrate of each route is based «

Progressing time horizon
when order of assignmen

" " . is required
Advantages order of R so it is efficient  the volume of the material rathe g
ht f lativel th Br of truck Under/Over-truck
enough to use for relatively an numier of trucks conditions considered
large problems
RIS Ui GErELITE Appropriate whera few variables Definition of & progressing
Failure in cases of negative pprop are at play time horizon for an order
Disadvantages edges ; : of assignment
Global information of the Norl-negatelae}i;%?esstramts ol Consideration of under
road network required /overtruck conditions

Hauck[9] implemented a sequence of assignment problems to dispatch the trucks need destination.
The objective function of his model is to minimize total idle time of shovels to minimize a lost ton

of the operation. The sub prelnh solved in each assignment request is as follows:

ming  aw (t) % (1) (59
Subject to:

axu (t)e1 for i 4,..m (60)
axu(g{)=1 for j 4,..n (61)
X; ()T D, (62)
Where:

X, (1) = él if truckiisloaded by shovel jand departed abe
ij =

i 0 otherwise

W, (1) is a lost ton due to idle time caused by assigmingruck to j" shovel at timet, ; D, is

representative of a situation that will be explained later on.

The model tries to minimize a lost ton due to idleigus. Constrain{60) guarantees that each
truck is assignetb at most one shovel, whereasstrain{61) ensures that each shovel is assigned

exactly to one truck. Eq62) ensures that a truck to be assigned maetequirements.

Two main disadvantages of the dispatching paiit H a u ¢ kate dirst,nhe dssignment is not
as accurate as possible because the decisions made now will not be recomputed unless the number
of available trucks changes. As a restié assignment decision is not up to the minute. Secondly,

the model is aubmodelof a larger model that uses the result of the last stage of the total model
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for dispatching. The last stage above the dispatdi@egsionmakingmodel itself is an optimum

result of its previousubmodel Thus the dispatching model is not able to use DP to solve the
assignment problem because it does not have the possibility of using all possible solutions of the
previous stages and only uses the optimum solution of gtages.

Soumis et al[86] developed an assignment model that considers51forthcoming trucks and

their effects on the current assignment. The objective of the model is to minimize théthem o
squared deviation of the estimated waiting time of trucks from the planned waiting time. The model
tracks 1015 trucks based on average travel time, discharge time, and loading time and shovel
inter-truck waiting time. After the assignment of theremt truck, the data of all 105 trucks used

for the assignment are erased. The procedure will repeat when the next assignment is requested.
The main advantage of the method is that it considers the effects of forthcoming trucks on the
current assignmenitlowever, the assumption of a homogeneous fleet is a drawback of the model.
Assuming a homogenous fleet of trucks inmailti-stagetruck-dispatchingmodel causes a
considerable deviation from the reality. The reason behind such a deviation is that to use a
homogenous fleet in the lower stage (f@@le dispatching level), it is necessary to model the
upper stage (operation optimization level) considering a homogenous truck fleet as well.
Consequently, the optimized production rate resulting from the gpgge is far from the one in
reality because in reality trucks in the fleet range in different sizes in most of the[2leets
However, , based on Lizotte et [87], to implement anulti-stagedispatching algorithm for an

open pit mine operation, the production plan should represent theasinlse to reality as
possible to have an optimal plan. The second nisipawback of the modé¢hathappens in almost

all of the dispatching models basedtb@assignment problem is that, althoughmiedelsaccount

for upcoming trucks fothe current assignment requette effects ofthe current assignment on
forthcoming tucks are not accounted for.

Li [80] proposed a dispatching rule basedlmdifference betweethea ct ual and opt i ms
interval times over a route to a destination. The algorithm is run whenever a truck needs to be
assigned to a destination and stih@ truck to the loader/crusher where the deviation between the

actual andhe optimal truck interval timson that rout@remaximum. The author claimed that the

proposed algorithm keeps truck flows as close to optimum as possible. However, there is an

important drawback for the modelhich is the ignoring of the queue of therucks in the
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destinationsespecially in the loading points. The mqday ignoring the truckdqueue at the

destinationunderestimates the lost tons causedhigtruck waiting time.

Ercelebi and Basceti29], after proviling optimum truck allocation by using the queuing theory,
implemented the assignment problem approach based on the model presented by White and Olson
[50] and Olson et al[51] to dispatch trucks requesting a new destination. Lizotte ¢87.
presented a serautomated model that first provided a simulation model of the case study where,
by the time a truck needs assignment, three dispatching heuristic assignment problems are solved.
The results othe simulation are presented on the board in a table beside the result of fixed

allocation method and leave the decision for the dispatcher.

All dispatching heuristic rules in the literature are grounded on maximized truck utilization by
which a truck is ent to the shovel where it is supposed to be loaded first follow assignment
problem. Although such an objective improves production in comparison with a ockead:
dispatching operation, dispatching heuristic rules have some drawbacks, including aalitye

and stripping ratio are not taken into account. Another major drawback of these types of algorithms
is that they tries to send trucks to the shorter routes and as a result, the shovels sitting on the further
mining faces will idle longer[75], [88]. In all the dispatching rules in the literatusased on
maximum utilization of the shovels a truck is sent to the shovel that is supposed to idle longer by

the time truck reaches the face. These dispatching rules are following assignment problem as well.

To sum up, although implementing an assignnpeablem provides a fast solution for rdighe

truck dispatchingin mining operations, this strategy has two major drawbacks arising from the
nature of the assignment problem: The main drawback of algorithms based on an assignment
problem is that each tienonly one truck is assigned to each shovel, even if a shovel is far behind
its production target and needs more than one truck. The second drawback is that despite the
claims of some authors, the model is not able to consider the effects of forthcaroksg t

2.3.4.2. Transportation problem approach
A transportation problem in the optimization context is described as fo|88}:s

1) A set of supply points (m);

2) A set of demand points (n);
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3) Cost associated with transporting material from the lgypgnti to the demand point

Let X; represent the number of units shipped from the supply poithe demand point then

the general formulation of the transportation problem is as follows:

n m

maxorming &g, % (63
i=1j 2
Subject to:
g % ¢s for i 4,..,n Supply constrain (64)
j=1
axzd for | 4,..m Demand constrain (65)
i=1
.20 for i 4,.n
X; | (66)
j=1..m
To have a feasible solution, each transportation model must beatoedtas follows:
as? ad (67)
i=1 j 2

The model tries to minimize total costs of the decision to be mad&gConstrain{64) makes

certain that the total material sent to different sink points cannot a&tesource capacity.

Constraini(65) ensures thai'" sink will meet its demand. Constrai{6) limits the material to be
handled to nomegativity. One of the reliable algorithms of the +@ale truck dispatching in an
open pit mine is the model developed by Temeng ¢62].based on a transportation problem.
The procedure of truck dispaiiag by using the Temeng et 82] transportation algorithm is as

follows:

First, a needy shovel is defined as a shovelgua route that up until now has a cumulative
production behind its production targétternatively, on the othehand a nonrneedy shovel is a
shovel thatregisters acumulative production of all routes ending to stadbove or equal to the

target.

To find the needy shovelwe first calculatehecurrent mean of tonnage rabg using of Eq(68)
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R="3 &R ©9)

Mz j 3
Where:
R = /T % is the current cumulative tonnage on path T; tonnage is assigned to the path

ij that linksi™ shovel toj" dump.

Set current mean as the target ratio of each route. Then for each routeddefibg. (69)) as a

deviation of the routéy from the target production:
d, =R -R (69)
Now, a needy shovel is a shovel with < 0 (negative deviation).

Secondly, the number of trucks each needywshrequires is determined. At first, Eg0) or Eq.
(71) is being implemented to calculaje as the tonnage behind the target of the rgute

% Y
T

[

% =RT -x (7D

Before, the demand of each route is found by using of2ya basic truck capagi (small, large,

or an average of them) is chosen based on some statistical analysis.

_eY
ij - e_
ecl

(72)
Where:

M, is the demand of each rouie ; C, is the larger truck capacity in the fleet consisting of two

different truck sizesgx is the smallest integé X.

Finally, the demand for each shovel will be E4B):

D=AM, i4.n (73
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And if the demand of™ shovel isD, , then Eq(74) is being used to calculate thaal demand

of the operation at current status:

D=a Db (74

In which D must be less than or &gj to the number of trucks available for the assignment and if
it is not, a cuoff value for required tonnage should be used that selects those shovels as needy

ones with a relatively higher negative tonnage.

Finally, Eq. (75) to Eq. (78) presentthe model to assign trucks that tries to minimize total

cumulativewaiting time associated with the assignment based on transportation algorithm:

| n
min & &W, X, (75
k=1i 4%
Subject to:
4% ¢S for k4.l (76)
i=1
|
4 X%X.2D for i 4,.n (77)
k=1
Xy 20 (78
Where:

W, =L(N +E) ¢ ¢+ e+, isthe waiting time associated with assigning truck k to shovel
i; X, isthe decision on assigning truck kitd shovel;s, is supply of truckK ; D, is the demand
of i™ shovel; L. is the mean loading time of" shovel; N, is the number of trucks at" shovel;

E, is the number of trucks en routeitb shovel;t, is the expected travel time of truck k to reach
discharge point;d,- is the expected waiting time of a truck at the discharge ppi@t is the
average dumping time of a truck at the discharge polit is the average empty travel time from
the discharge point j to" loader.

Eq. (76) ensurs that the total number of trucks assigned cannot exceed the number of available
trucks. Eq.(77) ensures that trucks sent to tH& shovel will cover theilost ton as much as

possible.In addition,Eq. (78) ensures that the number of type k trucks assigneét} tshovel is
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nortnegative.The model assumes a hetenogeus truck fleet; as a result, this model will be as

close to reality as the upper stage model is. The model also considers the situation that a shovel is
far behind its target production and needs to be assigned more than one truck. In such a situation
the model easily assigns more than a single truck to those needy shovels further behind the

schedule without any limitation occurring by implementing the assignment model.

However, there are two major drawbacks with the model. The first major drawback theh

mean of production rate for all routes is the basis for calculating the deviation of routes. Based on
the upper stage plan, however, sometimes it is required to extract much more of some specific
materials to maximize the production rate of thegprt routes of those materials. Then during

the assignment, the transportation problem based dispatching model will send more trucks to those
with higher negative deviation. The second major drawback is in the cost of any arising
transportation problem len transporting costs of any unit of material is calculated as constant
and independent of supplieenters However, each truck waiting time at the shovel or crusher is
depending on the trucks previously assigned, especially intaua systems. Alsche waiting

time accounting for in transportation method is based on trucks currently at their destination or en
route to the destination, and there is no way to account for the waiting time caused by trucks

assigned in the future that may reach theicison earlief2].

2.3.4.3.Single stage pproach

One of the first algorithms introduced to solve truck allocation and dispatching problems in open
pit mines is a single stage algorithm presented by HE]ckrhe main feature of the presented
algorithm is a combination of the operation plan andtie@ scheduling in a single model. The
model is based on solving a seqce of assignment problems by using DP. The model considers
the stripping ratio, blending objectives, capacity of the plant, and stockpile. The objective of the

model is to maximize the production by minimizing the lost ton caused by shovel idle time:

. noom QD . A . .
min & a aw, ¢ (p().alin > ¢ (p(,al i) (79
j=1i 2q() E
Subject to:

k
a a ,é:ixij(t)'l-a
¢ 1h ¢, for each k (80)

k

aa &X-+b

=1 i jo,
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k

a & @XMV W) 8 for each’ (81
a & D?xj(m(l:aj ACH () M) MO) Rt for each (82
a JaCI X; (1) ¢ V(1) for each k (83
INIFR

Where:

mis the number of available trucksis the number of shovels; is the average haulage capacity

of trucki; J, is the set of shovelsworking at waste;J, is the set of shovelsworking at ore
mining faces;J, is the set of shovejsworking at stockpile; doubly subscribdds the union of

two sets;t, is the time a shovel has just loaded a truck (assuming discrete points in time to keep
track of the process)( j) is the total number of loads completed Bhyshovel inT working cycle;

p(i) is P" load of trucki; d(j)is 4" load of shovel;t, (p(i).q(jyis the earliest timep” load of

trucki which is 4" load of shove] is loaded by shovglon trucki;

FE ). a(] j ile
\Nu(E(F(DrCI(J)))=F iG; (5 (p(D), a())) .’J
0 it J, -

E is the loading rate of " shovel (ton/time)g, ¢, (p(i),q(j))) is the idle time incurred by" shovel

whenitloads itsi(j)| oad as miHoad intorthe tricky and, are the lower and upper
limits of SR;bis a suitable quantity of ore;=b(r, #,)/2 ; R and B are minimum and maximum
processing plant rat&{t,) andV ¢ ) are stockpile inventory at the beginning of the cycle and at time
t., respectively. For eack" decision, an assignment problem is solesda sub problem by
implementing DP, whit has been presented in EfP) to Eq.(83).

Eq. (80) ensures meeting the SR requirement;(Bd) andEq. (82) guarantee that the processing

plant is always being fed; E¢83) ensures that total material handling at the stockpile cannot

exceed the amount of current stockpile inventoby. is the assignment domain satisfying

Constraintg81) to Constraintg83). The algorithm presents an optimal combinatorial intractable

assignment procedure. Althdugt is a complex algorithm containing all limitation satisfaction
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criteria, it runs fast. However, assuming the problem as a completely deterministic procedure
shows that the stochastic properties of truck waiting time is ignored. Meeting all the moducti
requirements is not the goal of the operation for each assignment and if they can be satisfied in a
longer period of the time, their short term violation is acceptable. As previously mentioned, DP
tries to find the optimal solution from all of the fdasi solutions of the previous sub problems

rather than frm the best solution among them.

2.3.5.Some Other Efforts

Krause and MusingwirfP0] used a machine repair analogyattalyzeand choose truck fleet size

for an open pit mine. They chose Arena for the simulationfpdrte cause it can be
with any number of probability distribution fitted to an unlimited number of cycle variables and is
therefore a very flexible model for useanalyzingseveral variables in shovelr uc k anal ysi ¢

He et al[91] implemenéda genetic algorithno optimizetruck-dispatchingoroblems in open pit

mines. They tried to find a route and assign an upcoming truck to it based on minimized
transportation and maintenance costs. Inrtiadel it has been assumed that truck velocity in both

loaded and emptgonditions are the same, which is a drawback of their model. Although their
major focus was on minimizing the costs, by assuming the same velocity for both loaded and
unloaded trucks, they underestimated costs. Another major drawback, similar to alrotheral

models is the assignment of trucks to routes rather than to siest@tations. They claimed that

truck maintenance cost becomes higher with the age of the truck by a constant coefficient, whereas
Topal and Ramazd@82] and Topal and Ramazd@3] revealed that maintenance cost behaves in

a fluctuated manner during its |Iife and by ea

decrease considerably.

Another model provided bgubtil et al.[94] is used inthe commercial package SmartMihe
marketed by Devex SPO5]. It uses LP in the upper stage to determine the maximum production
capacity of the mine and the optimal size of the truck fleet required to nedargefproduction.

The allocation planning stage does not provide any information for shovel assigrwhéctisstill
completelyremain the task of the planném.addition the model desnot take into consideration
other desired characteristics, such as grade inigndonstant desired feed to planésc. The
dynamic allocabn or thetruck-dispatchingis achieved by adopting M trucks for N shovels

strategy. Using M truckshe best possible solutiortisased on undisclosed criteage generated
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and each solution mulated 50 times tachievea desired confidence interval. The best solution

is found using a mukHcriteria optimization, which maximiagroductivity ofthe transport fleet

and minimize queue time at shovels and idle time of shovels. A fuzzy logertgystemss then

used to evaluate the solution aifpasseddispatch the truck to the allocated shovel. The major
drawback of the approach can be the cumbersome time consuming methodology adopted at the
dynamic allocation stage, whickquiresreal time decisionsThe aithorsof this studymention

some situations where fuzzy logic rejects the best solution, which demamnisirgg of the entire

model toobtainanother solution. The alternate solution generated after rejecting the first one will
be he second best solution, which may again get rejected, leading the methodtim® a

consumingdoop.

Ahangaran et a[17] useal a two stage model faruck dispatchinghe trucks where the first stage

uses a network analysis technique to determine the best routes between departure and destination
points and second stage provides dynamic truck assignments. The second stage adopts a binary
integerprogramming model to minimize the function of the total cost of loading and
transportation. This dispatching model is significantly different compared to previous models in
terms of the objective function and the mixed fleet considerations in the modelling equatiens.

of the major drawbacks of this model is that it doescoosider traffic over the routes during the
procedure to find the shortest path. Another drawback is that, although their objective function is
to minimize total truck cycle time, they do noteakto account truck spot time and truck waiting

time at both shovels and crusher. They did not show the practicality of their model in at least one

openpit mine.

A brief summary of the models and algorithms developed for solving the problems in both
production optimization and redime dispatbing arepresented inTable 2.4 and Table 2.5,
respectively.

Table2.4: Summary of the algorithms to solve production optimization problem

Model Type

Queung
Theory

Researcher  Year Objective Advantages Disadvantages
Simplicity is the main advantage c Production rate underestimation
Xi and 1993 the models based on queueing Requiringa significant engineering
Yegulalp Minimize total theory. Waiting in queue is very judgment to implemet the model in the
costs of the common for trucks working in mine operation
Ercelebi and production sites, so queueinbdory can be Using Erlang queuing model
. 2009 R .
Bascetin modelled as an elegantly simplisti ~ Assuming lomogeneous truck fleet

mathematical equation Ignoring of equipment idling
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Transportatio Li
n

Hauck

White and
Olson

Lizotte and

. Bonates
Linear

Programming

Gurgur,
Dagdelen
and

Artittong

Ta,
Ingolfsson
and
Doucette

1990

1973

1986

1992

2011

2013

Minimize total
transportation
work

Maximize the
production by
minimizing the

lost ton caused by
equipment idle

time

Maximizes the
fleet production

by minimizing

total required

volume to be
handled

Maximize shovel

productivity

Maximize total
net value per ton

of material
handled

Minimize number
of trucks required
to meet the target

Taking into account the
productivity of each shovel
Considering ore quality requiremel

Considering stripping ratio
requirement
Accourting for plant and stockpile
capacity
Trying to meet blending objectives

Althoughperforming all the
procedure of allocation and real
time assignment together, it runs

fast

Beingup to the minute
Flowrate of each route is based o
the volume of the material rather

than number of trucks

Consideringstripping ratio
Relative priory of loading
equipmentespecially the ones
working on mining facesare taken
into account in the model
Assigning the shovels to the prope
faces as a link between shéetm
plan and operational level
Accounting for available trucks in
each tme period
Considering the mine as a multi
period task
Beinga lifelong model

Capturing shovel idling in the
objective function
PerformingFast andeinguseable
for large mining systems

Assuming mine as a system with
Markovian nature

Assuming lmmogeneous truck fleet
Ignoring of equipment idling
Disregarding equipment breakdown a
an event that <cha

Not consideringt®chastic properties of
truck waiting timein the objective
function
Restrictingthe flexibility of the
operation by solving the upper stage
model in each and every assignmen
request
Implementing a DP approach to solve
each sufproblem without considering
all solutions of previous problems
Disregardhg required stripping ratio
Defining a range for gradef anaterial to
be fed into the plant which consequent
will cause either the final product or
shovels utilization
Ignoringmodeling of theequipment idlir
Necessity of adding stockpile or-re
handling to the objective function
Assuminglinear correlation between
production at each face and number ¢
available trucks in the fleet

Ignoring osts associatedith shovel
movement
Disregardindost tons caused by shove
movement
Using continuous variables in the
discrete operations in heterogeneou:

fleet allocdion is not realistic

Not having the capability of providga
reliable allocation in an opepit
operation
Defining upper and lower bounds for tf
head grade
Not beingable to offer allocations base
on a realistic or even near to realistic
combination of different types of truck
available in the fleet
Missinglinkage with any of strategic
level plans
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Rodrigo,
Enrico,
Fredy and
Adolfo

Chang, Ren
and Wang

Soumis and
Elbrond

Non Linear
Programming

Temeng,
Otuonye and
Frendewey

Goal
Programming

Upadhyay
and Askari
Nasab

Ta, Kresta,
Forbes and
Marquez

Stochastic
Programming

2013

2015

1989

1998

2015

2005

Maximize the
overall
productivity of
the fleet

Maximize total
revenue obtained
from transjprted

material

Minimize the sum
of weighted
pseudecosts of
deviation from
maximum
production due to
equipment idling
and grade
deviations
Minimize
deviation from
two goals
including
production rate
and material
quality
Minimize
deviation from
four goals
including
maximum
production of the
whole operation,
target production
at processing
plant, required
head grade at
plant and shovels
and trucks
operating costs

Minimize truck
resources needec

Optimizing tvo major goal in open

Covering the limitation of the grad:
requirements of Lfbased models openpit operation which should be me

Optimizing four major goals of the

cycle time as stochastic paramete

Showinginfeasibility by the time a
certain numbeof trucks fail or go for
maintenance repair
Ignoring availability of loaders which
results assumption of 100% availabilit

of all shovels
Disregarding blending requirement of
the plant

Assuming homogeneous fleet
Ignoring stripping ratio requirement
Ignoring the plant capacity requiremen
Disregardnhg head grade of the materia
fed to the plant

Considering availability of the
trucks directly in the objective
function

Accounting for the transportation
priority

Allocating shovels to the faces
Not having extrem#owrate on
each route because of the result
being provided by NLP ethod

Assuming homogenous truck fleet
Ignoring stochastic nature of ore grad
extracted from each mining face

Not providing optimal resulteecause
the model is trying to satisfy all the
goals simultaneously
Not consideringhovel allocation
Ignoring ®me of the objectives of an

pit operations simultaneously

Not havingany linkage to any of the
strategic level plans

Not providing optimal resultbecause
the model is trying to satisfy all the
goals simultaneously
Ignoring the costs associated with
processing plant and other mining cos
except for shovels and trucks

openpit operation
Providing a linkage between
operational stage and shoerm
strategic plan by allocating the
shovels to the available mining
faces

Ignoring the randomness of all other
parameters coming from stochiast
nature
Upgrading based on changes in Being case specific and not having
mi neds st at capability of being generalizedto other
mines

Considering trucks loading and
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Table2.5: Summary of the models have been presented to solveiReadlispatching problem

Model Type Researcher

Hauck

White and
Olson

Lizotte and

Assignment Bonates

Soumis and
Elbrond

Li

T . Temeng,
ransportation Otuonye and

Frendewey

Year

1973

1986

1989

1989

1990

1997

Obijective Advantages Disadvantages
Limiting shovel ¢
assignment to one truclep
assignment
Not consideing forthcoming trucks
Ignoring the stochastic nature of
some parameters such as kegcle

Minimizing the net  Internally assling that the
loading time lost due assignment will not violate

to idle perials operation requirements e
Implementing DP approach
Meeting all production requirement
in each assignment
Minimize losttons Considering forthcoming Using heuristic enumeration to
caused by the trucks in the assignment evaluae trucks and shovels
assignment procedure combinations

Not beingfully automatic and needs
someone to condtt it
Allowing the dispatcher to ~ Not consideing the forthcoming
decide on the scenarios trucks during the assignment
procedure
Ignoringlost ton due to queue

Arbitrary decision
based on the results ¢
simulation under for
different dispatching
rules

Considering the trucks
need to be assigned in the
near future
Solving an optimization
problem to find the best
combination of trucks and

Minimize sum of
squared deviation of
estimated waiting time
of trucks from the
expected idling

Restricting the capacity ahoves to
one truck per assignment

shovels
Ignoringthe production lost causec
L by queuing
Ma§|m|z§ |n.tetr_truck Being asily applicabléen  Disregardingeffects of forthcoming
1me deviation real mining operations trucks to the current assignment

Restricting the capacity shoves$ to
one truck per assignment
Accounting the trucks
heterogeneity Assuming equaroute flowrate for all

Considering the time a routes in the network

shovel is far behind its ~ Assumingconstant and independer
scheduled target and nee( costs associated with unit of materi

more than one truck to transported

cover its lost ton

Minimizing the total
waiting time of both
shovels and trucks

Maximizing the
production

2.4. Simulation of mining systems

Simulationis theimitation of the operation of a realorld process or system oviame [96]. The

power of simulation as a tool to evaluate operating systems has been accepted worldwide. In the

literature of the simulation, it origins in a simple mathematical problem calldgufifien's needle

dated to 1777The application of simulation in the mining sector can be traced back to 1940s. However,
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credit of the first use of discrete event simulation was give&i€g97] who used Monte Carlo simulation

technique to solve hauling problémmining operations.

Developments in the capabilities of computers in the 1980s helped researchers conduct vast studies on the
models and obsendeficiencies, through the use afoputer programs and simulatidos]. After the first

usage of the simulation in the mining operation, several sthdies been done by different researches in

the field. The studies inatling [75], [88], [99]i [109] are selected studies aiming different simulator tools

to evaluate and analyze mining operations over the late second millefoievaluate various dispatching
techniquesind prove positive impacts of implementing dispatching techniques in mining ope&itiond

and EharissofiL06], Bonates and Lizottg75], Forsman et al.110], Kolonja and Mutmanskj37], and

Ataeepour and Baafi04] implemented simulation modeling.

Awuah-Offei et al.[111] implemented simulation modeling for determination of fleet size in case of both
truck and shovels a mine. To mimic dynamic expansion of an pf mine, AskarNasab et al[112]
developed a simulator called open pit production simulator (OPPS).Their study shows that in the cases of
modeling dynamicity of the processes and randomness of the input parameters, artificial intelligent
simulabrs can be very efficient arablpful. Fioroni et al[113] used discrete event simulation and linked

it with anoptimization model to deal with the shéerm production plan. The goal of tetudy wasto

show how simulation and optimization are integrated in order to achieve a reasonable solution for
this problemTo analyze and evaluate effects of equipment bi@akdn utilization of the resources and
production of the operation, Yuriy and Vayerja$4] combined discrete event simulatiavith genetic

algorithm based reliability assessment model.

from 2010 to 2015 all simulatiostudies in the field of truck arsthovel mining system including
Jaoua et al[115], Jaoua et al[116], Mena et al[78] , Ta et al.[77], Hashemi and Sattarvand
[117], Torkamani and AskaiNasab[118], Upadhyay and AskafNasalj13], andUpadhyay and
Askari-Nasab[119] are using the simulation as a tool to evaluate results of the developed

optimization algorithm in their studies without incorporating a new component into their system.

Dindarlooet al.[35] provides an step by step discrete event simulation guideline forghamiel
mining system equipment selection. The claim in the study is that the framework helpsrizeni

errors caused by inaccurate assumptions as well as procedures.

In one of the latest simulation study of a trigtlovel mining system Que et Hl20] investigated
how ignoring correlation between the input parameters will impact on the results of the study. The

research presents a new approach to detect and import corpeledeteters into the trughovel
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simulation study. Instead of the independent distributions the new approach generates a

multivariate random vector representing input parameters into théasionumodeling.

Beside allabovementionedefforts,some review studies related to implementation of the simulation in the
mining sector have been done since late 1990s. Stir@i] provides a historic review of discrete mine
system simulation in United States. Vage[d24 | provide a review of application of simulations in Canada
and Konyukh et al122] did a review study over the application of the simulation in Asia. Raj Et2d]
reviewed the application of simulation in production optimization in mikklkiewicz et al.[124]
reviewed the simulation studies in both fields of underground and surface mining and highlighted
lack of an integrated mining simulation model which incorporate truck workshop as part of the

mining system.

2.5.Rationale for the PhD research

Some of the operational level decisions to be made are de@sionthe size of théaulagdieet,

and semidynamic analynamic decisions mady FMS including decisiongboutthgp at hs 6 f | o w
rate andruck-dispatching

The literature review showed thttere are several deterministic and stochastic metfads
making decisios about the size of the fleetln recentyears most mining operationfiave
implemened FMSs and the mining sectdras beermnteractng closelywith the processing plants
However in decisionmaking procedureaone of the available methods takes into account the
effects of processing plants and minFgSs In this research we present a stochastic simulation
and optimization framework that is capable of making decisibostthe size of material handling

fleetsi n pr e s e nc &M®%ahd its prazessing plaats. s

Our literature reviewshowedthat the mathematical models developed to make decisatmait
truck-dispatchinghave some drawbacksncluding with required objectives. The objectives
includeminimizing thet r uc ks 6 wai t t i medeviatomfromr thd productibne t i me
targets The rejuired objectives do not have to be met at the same time in the mathematical models

that we foundAnother majordrawbackis that themodels negledheimpacts of uncertaintiesn

theinput parameters. This research introduces two diffetecisionmaking models. The first is

a multiple objective mathematical model thas bt of the aforenentioned objectives in a single

model andsolvesthe problemusng a goal programming approach. The second set of the
mathematical models developed to makek-dispaching decisions considers uncertainties in
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input parametersThe second set of the models solves thek-dispatchingproblem by
implementing two different approachesstochastic programming approach anflizzy linear

programming approach.

2.6. Summary and conclusions

The literature recognizesght main approache®r dealng with the operational levalecision
makingprocedure during a mining operation. Most of the models are based on the mathematical
optimization techniquesThe simulationmodelshave ben used to evaluate the strategies and
validation of the developed models.summary of thee X i s t i n gnajer ghertcanngsd

presented in two main categories of optimization and simulation as $ollow
U Optimization
1 The realtime decisions in the opation are notlinked to the strategic level shddrm

production schedule of the mine;

1 Thepublishedesearchebavenot considezdtheimpacts of drilling and blasting operations
on the material handling fleet availability;

1 The models are usually solvédsed on information from the independent parameters and
the effects of uncertainty anithe correlation of parameters governing the operation are not

accounted for;

1 With the exception of the works bipadhyay and Askaiflasalj13], [119], there is nthing
in the literature about théons lost due tomobility and equipment access problems

particularlyin the case o$hovels;

1 Although the downstream processesluding processing plantplay an important role in
mining operations, the existingick-dispatchingmodels do notonsiderthe effectsof the
downstream processean themining operation

1 None ofthe models developed to date addréssimpact of weather and traffic conditions

on travel time between loaders and destinations;

1 None of the models consider dynamic truck controls over thettunksare travelling from
the source to thdestinations

1 Most of the models do not incorporate different truck sizes imthen gadsportation fleet.
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U Simulation

T

The simulation models are casgecific based on the mine they are developedwhbich
limits their applicability they are only useful in addressimgpblemsdentical to the one for

which they were developed

Most of the simulation mode@enot capale of accepting changes in the input distributions

for the random parameters required to run the simulation for the system;

Although most of the compéas working in the field of mimg operatios need to forecast

along time aheadhe simulation models do not study operaiovera longtime horizon;

One of the major shortcomings of the existing models is that they do not incorherate
mineral procesing sector in the simulation stydyor do theyincorporate downstream
processing plants and their timesand down times. Howeveheeffect of a down plant on

the operation is undeniable;

Most of the models ignortherolet hat a mi n andtle sillaton. pHonevers

nowadays almost all large open pit mines around the woeldtusast oné&MS.

The simulation models are not flexible in terraf using differenttruck-dispatching
strategies They were built based on either ndispatching or aisgle logic dispatching

strategy and it is impossible tse them tdest different dispatching strategies.
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CHAPTER3: THEORETI CAL FRAMEWORK
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3.1.Introduction

This chapter focuses on the theoretical framewadksimulation and optimization of truck and
shovel surfacenining operationss well as differentlecisioamakingmodels to solvéhe truck-
dispatchingoroblem The chapter introducekdconceptuatheoreticaframeworks, mathematical
models, an@onnections between different mod&®chieve the objectives dfd presented thesis

are introduced. The research foesisn two main objectivesThe first one ighe development,
analysis, and implementation of an integrated simulation and optimization framework for truck
and shovel surface mining operatiofjgresentedn Figure 3.1). The second objective ithe
development, analysis, and implementation of mathematical models to deal withudke

dispatchingdecisioamakingproblem in surface mining operat®n

Dump 1 4'1’ |
-
lDecisinns—b Shovel 1
- g’
FMS Dump 2 o g
N
* Shovel 2
#
Input ..r‘l__qﬁf @
Dump 3 =y
= Shovel 3
Database ]
v
n- 7
Operational datam— Dump M
Shovel N

Figure3.1: Conponents of a surface mining operation material handling system

Figure 1.3 in ChapterOne illustrates the basic components of the integrated simulation and
optimization framework developed, analyzed, and implemented in this.tlmelie framework,

the mining operation, processing plants, and operataewsionmakingtoolscommunicag with

each otherThe framework wagnplementedo solve equipment selection and sizing problem in
a truck and shovel surface mining operatiotegrated with the fleet management systems and
processingplant componentsThe framework waslso usedo evaluate thdruck-dispatching

modelswhich weredeveloped as part difis research.

Alongside development of the integrated frameworktfi@mining operation of surface mines,

this chapter focuses on developing multiple objective mixed integer goal programming
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(MOMIGP), stochastic mixed integer linear programmi@MILP), and fuzzy mixed integer

linearprogramming FMILP) models to solvéhetruck-dispatchingproblem.

The MOMIGP model aims to maximize production by minimizing the idle time of equipment and

minimizing deviations from the planned production requirem&he SMILP solves druck-
dispatching decisioamaking model with uncertain input pararetess. The FMILP mode
implementsa fuzzy approacho solve thetruck-dispatchingproblemby assuming that theput

parameterbehave fuzzy

3.2.Integrated simulation and optimization framework

The integrated stochastic simulatiandoptimization framework eveloped here consists of four

main componentsiwo optimization and two simulatiosubmodek. The two optimization

components argecisionmakingt ool s i n fl eet management

and truck-dispatchingproblems[12], [125]. The simulation components in the framework

system

are

mining operation and material flow into downstream proegssigure 3.2 shows how the

developed framework integratéee fourcomponents

| Integrated Stochastic Simulation-Optimization Framework for any Surface Mining Operation

Input data [

Optimization
CPLEX
Decision 1

x Decisions |

Simulation
Arena

Operational input
EXCEL

1- Production Schedule
2- Road Network
3- Shovel Fleet
4- Truck Fleet
5- Dumping points
6- Distributions
7- Processing info

N

Mining
(material
handling)
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-

Optimization
CPLEX

Decision 2

Decisions |~

Processing
(hopper &
flow)

AN N\
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Optimization
CPLEX

Decision n
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Figure3.2: Integration of differentomponent®f a miningoperationn the developed framework

3.2.1. Input data file
The integrated fraework requiresinput parameters and information such tag shortterm

production schedule, road network of the mine with the expected expansion by the end of the

simulation time shovel and truck types, capacities and performance parameters of thelsmateria
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handling equipmentinformation regarding the location and capacityhtef dumping pointsas

well asthe number of discharge points at each dumping péitted distributions fothe input
parameters, and information regardithgg processing plants cu as capacity of hoppers and
conveyorbelts are required as well is worth notingthat most of the required input parameters

such as loading time, dumping time, haul time, traveling empty, backing time, spa time,v e | s 0
bucket capades, andtrucks doading capacities are stochastic input parameters. Therefore,
different probability densityunctionsarefitted on the historical data asuchrandomvariables.
Goodnesof-fit for the best fitted theoretical or empirical distribusomeretested byChi-Square

or KolmogorovSmirnov tests[126] using Arena Input Analyzgi27] software

3.2.2.Componentsoff r amewor kdés input data file
The input data file into thedmework is a Microsoft Excel that consists of several worksheets

each of them storing a category of input d@ble3.1 lists the required worksheets for the input

data file.
Table3.1: Components of the input data file
No. Worksheet Category Description
1 Schedule Strategic planning Strategic level schedule for the nimg operation
2 Rout es¢ Road network Information on routes, their origin and destinations, distan

etc.

3 Nodes Road network X, Y, and z coordinates of each node in the road networ
4 Dump locations Road network X, Y, and z coordinates and noflesi nf or mat i
dumping location on the road network
5 Links Road network Information on links in each route, their origin and
destinations, distances, etc.
6 Transporters Fleet Information on number, type, capacity, etc. of transporter:
the fleet
7 Shovels Fleet Information on number, type, capacity, etc. of loaders in t
fleet
8 Dumps Strategic planning  Information on hourly feed rate requirement and accepta
head grade ranges for each dumping point

9 Spot time Fleet Fitted distributionn spot timehistorical datavhen a
specific shovel type loads a specific truck type

10 Bucket count Fleet Fitted distributions on number of pas$estorical datavhen
a specific shovel type loads a specific truck type

11  Bucket tonnage Fleet Fitted dstributions orhistorical data ofonnage of material ir

each load of shovel bucket when a specific shovel type lo:
specific truck type
12 Loading cycle Fleet Fitted distributions on loading cychéstorical datdor shovels

time

when a specific shovéype loads a specific truck type
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13 Backing time Fleet Fitted distributions on tr
each specific truck type

14  Empty velocity Fleet Fitted distributions on t|
for each specific trck type

15 Loaded velocity Fleet Fitted distributions on ti1
for each specific truck type

16 Dumping time Fleet Fitted distributions on tr

each specific truck type

Each of the wiksheets in the input data file contains its required columns. Giving the schedule
worksheet as an example, it contains information regarding each polygon in the operation
including coordinates of the center of the polygon, total tonnage of material, gjrdd&erent
elements, period that it should béexd digging locations nodes, showessigned to the polygon

ID of themine polygonsand precedent among mining polygons

3.2.3.Simulation model
The simulation modas developed in Arena softwajE27] andconsists of two main suimodels:
mining and processing operatiorhe wo simulation submodels are linkedlo each other using

the hoppergFigure3.3).

| Mining Operation Simulation sub model ‘

| Truck waits until there is enough room in the hopper |

Updating hopper
material

level by truck
capacity

Depleting hopper by Plant feed rate

| Hopper and Conveyor Simulation sub model I

Figure3.3: Linkage between two simulation safiodels in the developed framework
3.2.4.0ptimization models
As mentioned beforeéhe developed frameworonsists of two optimization components, which

imitates the decisionmade by the fleet management system in the mining operation. These



CHAPTERS: THEORETICAL FRAMEWORK 62

optimization components are integrated with the simulation model using VBA and ORRB]n
Figure3.4 shows how the simulation modeind the optimization modetommunicate with each

otherin the developed framework.

Simulation
’// Arena \\\

VBA VBA

l f

OPL

OPL
\ Optimization| /

CLPEX

Figure3.4: Integration of the simulatioandoptimization modedin the developeftfamework
One of the major advantages of the develdpaaework is that the number décisionmaking
models that can be integrated into the framework is not limited. However, iresbéch the
decisions to be made by the optimization tools are ugipge (production optimization or truck
allocation) and lower stagdriick-dispatching decisions in a multiple stage mining fleet
management systefhi25]. The goal here is to incorporate the dispatching decisions that are made
in the real mining operation into the simulation model and develop a more accurate simulation
model of the surface miningoperations that use fleet management systems. Readers are
encouraged to reafllarie & Gamache (2002and Moradi Afrapoli & AskariNasab (2017jor
more detailed information regarding the miningflenanagement systems.

3.2.5.Upper stagedecisionrmaking model

Over the last 50 yearseveral mathematical moddiave been developdd decidehow much
materialmust be transferreithrougha specifictransportatiorpath over apecificperiod Various
approachs of linear programming, mixed integer programming, nonlinear programming, and
gueueing theory are presented. However, in thesis we selectedwo modek. The model
developed by White and Ols¢h2] since it is the backbone of the upper stdgeisionmaking
modelin Modular Mining DISPATCH[11], the most popular fleet management system in the
market. The upper stage in this model is divided into two linear programming segments. In the

first segment, the model maximgze s hovel sé production by mini

mi
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first segment LP model to minimize the total costs results in the shovel dig rate required to meet
the plantds capacity and its materisdilovgel aslbi tdy
rate.The second segmeot the model minimizes total truck capacity required to transfer material

from each patlusing the obtained shovel dig rdtem the first segment.

The second.P modelobtainsthe amount of material required to be transportethfeach path
However, it is limited by the following two constraintee equality of the flow rate at each node
in the road networland theequality of the transportecapacityallocated to a shovel at a mining
face with t he Themodealdo deeds donegt the prodaction demand the
stockpile, and equality of material transportexrireach shovel with the showh) rate. The upper
stage model is called from the simulatata specific time interval to determine the path flow rate
(30 minutes in this caseWe also implemented the model developedJmadhyayand Askard
Nasab[18] to make required decisions on the upper stage profdleenmodel is a mixed integer
goal programming model that provides the operation with the required path flow rateohased

objective functions and constraints presentdd 3, [14], [129]
3.2.6.Lower stagedecisionrmaking models

The lower stage of the fleet management system is activated whenever a truck askswor a
assignmentThis research developed four differéntck-dispatchingdecisioramakingmodels to

be used in the integrated framework. Therfdifferentdecisioamakingmodels are used in this
research to make required lower stage decisions in Fdfl$iee simulation and optimization
framework The firstdecisionmakingmodel that is used in this research to make lower stage
decisions is the dynamic programming model developadfimye and Olsofl2] and Olson et al.
[51] since it is the backbone of the upper stageisioamaking model in Modular Mining
DISPATCH[11]. The model developed Bihite and Olsorj12] and Olson et a[51] is used as

the benchmark model to evaluate three other models that we developed in this rébeaiuiee
other models arenathematical models we developed to cover the existing shortcoming in the
literature of lower stagdecisionmakingmodels in mining FMSs. The first model we integrated
in the framework for making the lower stage decisiormsdsterministic multiple objectivaixed
integer goal programmindecisionmaking model that we developed twver all the required

objectivesof this level of decisionmaking Two other models that we integrated with the
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simulation model in the developed framework si@chastianixed integer linear programming

andafuzzy linear programming approach.

3.2.7.Input from simulation to optimization models

In the developed simulation and optimization framewtrgdecisioamakingmodels in the FMSs
responsible for making upper and lower stage decisions need information regarding status of the
mining operation being sintated in the framework. These are used as input idebisionmaking

models to make required decisions for the operation.

3.2.7.1.Current needy paths

We first need to define current available paths to determine needy paths in a surface mining
operation. We defmany road from any pair of source and destination nodes in the mining network

as a path. It is possible that there is more than onefjpatha loading point to a dumping point
based on the complexity of the mhhastonbgupdatedd ne't
based on the distance from the | oaderods positi
loader relocates to a new mining face. Next, the shortest path from any loading point to all of the
dumping points are determined basedonme di f ferences between then
algorithm[130]. Every time the loaders or dumping points are relocated or if a blockage imccurs

the current shortest path, the Dijkstraodés alg
nxm zeroi one matrix of available paths, as shown in B§), is created whera represents the

number of loading anch represents the number of dumping poinisst&nds for loaderin the

fleet and ) stands for dumping point
O 8 0 8 O

~vQ 8 Q0 E Q.
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Theavailable pathsna t r i x ( nYl one matria. If theeetemensfan the matrix is equal to
one, it means that the path connecting loading p¢i) to the dumping point(Dj) is available.
If the path between loading poin{Si) and the dumping point(Dj) is notavailable,thene; is
equal to zero.
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The current needy paths are defined among the available paths. The rpgthrédw rate(pf;)

for each available path is calculated every 30 minutes by solving the upper stage or production
optimization stage problem using the lmgrogramming model developed White and Olson

[12]. Next, path met so fa{pmsf), the summation of the material handled from each available
path from the start of the curreB@minutetime span up to now, is calculated. Then, the list of

current needyaths is a subset of theailable pathsvhere:

pfij - pmS]( tld - (tNow -tSc)
pfij tid

needy paths%G:e;j 4& i"LiL N & LM

Uty e g

(86)

In Eq. (86) tid stands for duration of a time span in halvpwis the current time on the clock;
andtScirepresents time on the clock when the current interval has startetkfifhendside of
inequality represents the portion of the regdimaterial to be transferred in the remaining time of
the time interval, whereas the right hand side of the inequality represents remaining time portion
of the time interval. If the inequality condition in E§6) is met, which means that the path from
loaderi to dumpj is behind its planned required material transfer, then the path is caltsstip

pathand will be considered in the currénick-dispatcling model solving procedure.

3.2.7.2.Current set of trucks to be dispatched
Not all the trucks in the fleet are available to be dispatched at a time due to several reasons such

as scheduled maintenance, break down, etc. The set of current trucks to be dispgehedied
by calling thetruck-dispatchingdecisionmaking tool for an assignment using the following

algorithm.

Algorithm 1: generate current set of trucks to be dispatched

Inputs:

Truck fleet (id, type, capacity);

status of trucks (available or not);

current position of available trucks in the network (dump, loader, traveling empty, traveling loaded)

Begin ( E aph 8h (AOGI AOn EO OAO T £ O«

Z=0 snis status of the truckh and s¢ {0 (not available),1 (available)};

for h¢ Hdo idzis id number of the truckZin the set of available trucks;
'fé‘h?:zlihfn CP id, stands for current position of truck with id equal to id of z;

Il is leaving the loader;ttd stand for travelling to the dump;dadis

erfji?'Y U 2 dumping at the dump andrfdc stands for returning from a down
t=0 ’ condition;
for z=11to Z do sdTis the setofdispatchingTrucks
If CPid ¢ {Il ||ttd ||dad||rfdc} then tiis the time it takes truckt to reach shoveli
tY t+1

sdTu Y id -
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sdTe Y tt,
sdTe Y tc.
fori ¢ Sdo
sdTiga) Y ti
endif;

Algorithm 1 creates a matrix consisting afist of trucksthat are available to be assign#éukir

types capacites, andhe time it takes each specific truck to travel to a shdvein its current
position(Eq. (87)).

QQ YYYS Y 8 Y 8 Y
MQ 60 0o 8 6 8 0 .
. " & & & E & g &Y
Y 00 ooo0dbo 8 o 8 o n (87)
11é é é é E é E én
QQ 60 66 8 o 8 o U

The first three columns in thraatrix are truck related specifications for the trucks selected using
Algorithm 1. id is identification numbetruckt in the fleetitt; stands for truck type for the truck

andtc: represents truck capacity of the truclkRest of the columns in tilematrix are the time it
takesfortruckt o travel to each &fsequditethete it takedtruckt ar t i n
to travel from its current position in the road network to the loatigrtaking the shortest path

possible and is calculated using:

e LA de (89)
Where:

t time truckt arrivesat shovels

t, current time on the clodkat is equal téNowin the simulation

X, distance truck must travel loaded from its current position to the designated dumping point

vl, average velocity ofrtickt when traveling loaded

il time truckt is expected to spend in queue at its dumping point

d, time it takes for truck to dump its material at dumping point

X€, distance truck must travel empty to reach shoeel

ve, average empty velocity of truckn the road network from to shovel

3.2.7.3.Current set of shovels that require trucks
If a path is available, it means that the shovel working on the mining face to serve that specific

path is active. The next time an active shovel will be ready to load drackis calculated using
Eq.(89):
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Qs

na =1, A (ts, +1t,) (89
q=1

Where:

na, next time shoves will be available to load a new truck

NQ, total number of trucks in queue at shosel

ts, spot time for truck numbegin the queue at shovsl

tl, loading time for truck numberin the queue at shovsl

t current time orthe clock

Algorithm 2 runswhena dispatching request is posted by a truck and generatssttifeactive
shovels(S) matrix in Eqg.(90).

Algorithm 2: generate current set of active shovels requiring tneek-dispatching

Inputs:
Sﬁovel fleet (id, type, capacitygtatusof shovels (available or not); info of current trucks in queue (id, tgyeacity),
info of trucks being loded (id, type, capacity), info of trucks en route to the shovels (id, type, capacity, time distal
Begin
n=0
for s® Sdo
if As=1 .
n« n+l nis a counter; - _
. Sis sé of shovels working in the mine;
saS, « id saSis thesetoffactiveShovehatrix;
saS, « st

sag; « S¢

sag, Y na
endif

0Q "Y"Y"Yéj £ W
QO 01 & & 6
~ g8 & &
noio i e o (90)
1é é é én
UQQ i o0 i @&
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In the S matrix, id represents shovel identification number, ST (or st) comes as the shovel type,
SC stands for shovel capacity, and na is the nexfadoility of the shovelThe dispatching model
arethen built upon the T and S matrices.



CHAPTERS: THEORETICAL FRAMEWORK 68

3.2.8.0utput from upper stage optimization models to simulation

After solving the upper stage problem, ttecisionmaking model that is integrated into the
simulatonmoé | pr ovides the operationd6s simulation
from the upper staggecisionmakingmodels are stored in a text file as a list of tonnage of material

that must be handled in the next period from each loading pointdio éamping point. Then,
usingVBA, the stored list is transferred into the simulation model to be stored in the path flow
rate variable. Next, the simulation model usdke current optimum values for the flow rates

whenever it needs to calculate anythimgéd on that.

3.2.9.0utput from lower stage optimization models to simulation

Each time a truck asks for a new assignment, the lower slagsionmaking model uses
information provided by the simulation model from the status of the operation ancoed&on

on the next destination of each available truck. Solving the lower daggonmakingmodel
provides a twecolumn list. The first column in the list represents the truck ID of the truck to be
assigned and the second column provides the path IDhéhatuck in the same row must travel
to. The solution is then read into the simulation model using VBA and is stosaditable. Next

time the truck dumped its material, it uses the saved value and travel to the designated destination.

3.3. Upper stageoptimization models

3.3.1.Benchmark model

DISPATCH® [11] uses linear programming approach to optimize the production target within a
specific time horizon by dividing it into two separate but weakly caupiedels. The first one,

Eq. (92), optimizes the total production of the operation, including mining, processing, and
stockpiling, and the second part, £8f), maximizes the fleet production by minimizing the total
required volume to be handled. The second part generates a theoretical haulage master plan that
corsiders production and operational constraints and is later used as a reference to generate real

time truck assignments. White and Ol$d8] and Olson et a[51] describe tk model as follows:

N N Ns Ns, Nm#sa

mnC=3(C, Q) € (P aQ & Q°* a (& ¢ ¥ @ (CHY
i=1 i 4 i E i 1=j 1=

Subject to:

0¢Q @R (92
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N, +Ng
P2 § Q (93
i=1
Nm.:rNS
X\LexX,A+a (% %A @ TA( M/ S¢ xa (94)
i=1
Where:
Nu No andN are the number of shovels at mining faces, the number of sh
) ) q

Cn, G5, C,, andC,

X,, X,L, X,A andX,U

~0

working at stockpile, and the number of quality constraints

are the material transportation pseudo cost fy/the stockpile
material handling pseudoost (hr/nf), the quality pseudo co:
(hr/m?), and the pseudo cost of low feed to plant (Ry/m

is the material being transported per houf/kim that should be

determined in the procedure

is the quality director: 1 for low crit and for high crit

+th
are the quality factor ati™ shovel, the lower limit for quality

factorj, the running average value of quality fagtaand the uppe

limit for quality factorj

is the target rate of plant feed

is the digging rate at" shovel

is the #'in/1%' out average control mass, kg
is the specific gravity

Is the base control interval (hr)

All pseudo costs are chosen arbitrarily with respecCio<C, <C,<C,).
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As the second segment of the LP model, DISPAT({IH] tries to minimize total haulage capacity

needed to meet shovel production coverage:

Np Ny
mnv=a (R °T) &R §) N+T (99
i=1 i 4
Subject to:
Npi NpD
a k= ak (96)
k=1 k 2
Npo
R=aR, for mining shovels (97)
k=1
Npo
R¢H R for stockpiles (98
k=1
R=Q (99
o¢P (100
Where:
v is the total mine haulage fin
N is the number of feasible haul routes

P is the haulage on pattwhich shoid be determined (fhr)
T, is the path travel time (hr)
N, is the number of dumps for mine haulage

P is the net haulage input to durppm?hr)

D is the average dump time at du(r)

N, is the number of operating shovels
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T, is the fleet average trl size ()
N, isthe number of feasible input paths at npde
N is the number of feasible output paths at node

R, is the input path haulage tfhr)

R.  istheoutput path haulagenhr)
R isthe limiting rate at nodig(m3hr)

The model, Eq(91), introduces the first segment of the operation optimization as a pseudo cost
based LP, which is established on the summation of costs in all four operaticines &¢ the
mine. The solution of the first segment prese
maximum digging rate for a shovel, £§2), the maximum capacity of the plant, E§3), and the

lower and upper bounds of the blending grade(#8). The second segmentads
production of the operation by allocating a minimum number of trucks to each active route, Eq.
(95) to meet the routes production rate. B) makes sure that the input and output flow at each
shovel and each dumping point agral. Eq(97) and(98) guarantee that the amount of material
handled meets the grade requirements at the plant cannot exceed the amount produced by the mine
and stockpile. Coupling segments of the operation plan is attained by constraining total production
of all routes servicing a shovel to be greater or equiddgshovel production, H§9). It should

be mentioned here that both P and Q in(B9). are vectors. Finally, E§100) ensures that all haul

rates in the mine are nonnegative. One benefit of the model is thadwdahestatusof the mine

by using reatime data. Another advantage of the model is that the optimum production rate of
each route is based on the volume of material, not based on the number of trucks. That helps the
dispatching step to send the propeck to cover the shortage. A major drawback of the model is

that it does not consider stripping ratio limitation in the operation. By limiting the lower bound of
digging rates at each shovel to zero, they allowed the model to ignore a shovel opevedstg at

mining face. Another disadvantage of the model is that the plantdradd requirement is

constrained to a range of grade between predefined upper and lower limits. It will cause an
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undeniable shotierm influence on both plant output (final proguquantity and its input
(utilization of some specific shovels which must be met up to the mif@&e However, most of
the drawbacks of DISPATCH[11] will arise in the reatime dispatching model that will be

explained in more detail in the next section.

3.4.Lower stageoptimization models

3.4.1.Benchmark model

After solving the upper stagieoperation optirizationi LP problem by implementing the Simplex
method[85], resulting in the optimum material flow rate on routé#ite and Olsorj12] and
Olson et al[51] employ the dynamic programming (D3] approach to send trucks to the
proper destination. To do so, twsts and three parameters are defined. A list of needy shovels or
LP-selected paths and a list of trucks dumping material at discharge pointsauterirom a
loading point to a destination are provided. In addition, +ieed, Eq.(101), which is defined as

the expected time for each pathdés next truck

need- time =| 4 (% J.F§/ : (101
Where:

L is the time the last truck was allocated to the shpvel

Fij is flow rate of path over the total flow rate into shovgl

A is total haulage allocated by tirhgto shovej;

R is haulge requirement of shovgl

P is path flow rate (ton/hr or fr)

So, the neediest path, which is on the top of the neediest shovels list, will be the one with the
shortest neetime. Then loston is defined and formulated as a criterion to find thé toesk for
the neediest path from the truck list with @Q2):

_truck sizé total rate
required trucks

lost- ton

(truckidle excesstrajel shovelrate oglidle (102

Where:
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Truck size is the size of truck being assigned; Total rate is total digging rate of all shovels in the
mine; Required trucks is total required trucks in the LP solution; Truck idle is expected truck idle
time for this asignment; Excess travel is extra empty travel time to neediest shovel; Shovel rate
is sum of all path rates into neediest shovel; And shovel idle is expected shovel idle time for this

assignment.

Considering the logbon definition, the truck covering legbn of neediest shovel the most is the
best truck. After the best truck is assigned to the neediest shovel, it is moved to the last position
on the needy pathso | ist and the procedure 1is

list are asigned.

Defining a rolling time horizon when a sequence of assignment is needed is a benefit of the model.
The information of the mine status used in the model is always up to the minute. However, the
model does not consider the effect of current trucigasgent on the forthcoming truck matching,

though all trucks previously sent to the shovels are considered. Another drawback of the model is
that despite the authorsé claim, the solution
subproblem lased on the best solution of previous sub problems. Accord|2g, toéhe solution

met hoddés misnaming as a DP is perhaps because
principal of optimality. Howeer, the DISPATCH system has been implementediore than

230 mines all around the wor[d1].

3.4.2.Multi ple objective model

We have developedraultiple objectivemodel to dispatch trucks to shdsé a multistage FMS.

The model deals with decisions required in tbeer stage of FMS by looking at the path
production requirements (tonnage of material required to be moved from a specific path) set by

the upperstage and other operational parangetich as stripping ratio requirements, available
transportersdéd capacity, required plantsd thro
solved every time a truck requires a new assigniinémit happens when a truck dumps its load,

or any timea loader that the truck has already been assigned to breaks down before loading that
truck (Figure3.5).



CHAPTERS: THEORETICAL FRAMEWORK 74

Simulation (Arena) —Yes
» Run *

back unloaded
from a down
shovel?

CPLEX: Solving the dispatching model

e |

I Second Goal I
I Third Goal I

‘ Multiple Objective
|

Yes

VBA

II Input Datafile I
OPL run

VBA Output Datafile | |-

Figure3.5: Schematic view of the lower stage model call time in taméwork
The model is also solved when there is a change in the schedule for the next hour of the operation.
We use the following notations to formulate theek-dispatchingnodel. Indcesused in the model
to address elements of different sets includetgo$ trucks, set of shovels, set of dumping points,

set of goals, and set of trucks waiting in queue at shovels are as follows:

i Index for set of Trucks:={1,...,N};

J Index for set of Sourceg={1,...,M};

k Index for set of Destinationk:= {1,...,D};

Ki Index for set of dumping points that trucks need to dump their load before traveling to
the new shovek & {1,...,D};

t Index for set of weights for individual goats= {1, 2, 3};

q Index for trucks waiting in queue at showgk {1, ..., NTinQS;

The decision variables used are as follows:

Xik Incoming flow to source by assigring trucki to the path of sourgeto destinationg;
X Outgoing flowof sourcg by assignng trucki to the path of sourgeto destinationg;
Cii Negative deiation of the met path flow rate for path between sopered destination

k comparedo desired path flow rate;



CHAPTERS: THEORETICAL FRAMEWORK 75

+

Ci Positive deviation of the met path flow rate for path between squarel destinatiork
comparedo desired path flow rate;

The parameterased in theruck-dispatchingmodel and the procedure of calculating objective

functionsdé coefficients of the model are expl

Sk Idle time for shovej if truck i is assigned to transport material from shgvel the
destinatiork;

Tiic Wait time for trucki if it is assigned to transport material from shoydb the
destinatiork;

P Normalized weights of individual goals based on priority;

AF A factor balancing available trucks with the required capacity of plants;

PC, Capacity of the plark: k= {1, ..., O}: {1, ..., )0 {1, ..., D};

SC Production capacity of shovgl

MP, Path flow rate for the path from sourgéo the destinatiork that the production

operation has met so far;

tc Capacity of truck (ton);

T Nominal capacity of truck(ton);

PT, Path flow rate for ta path from sourcgto the destinatiok;

TR Next time trucki reaches shovegj

Sh Next time shove] is available to serve trugk

TN Current time of the operation;

LD,. The distance truckmust travel to reach the dumping pdinto dump its load;

ED,; The distance truckmust travel from the dumping poiktéo the next expected shovel

J;
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Viei-oates  Average loaded velocity of truékraveling to destinatiok and will travel to shovel

after dumping its load;

<

ikj-empy Average empty velocity of truaktraveling fran dumpk to the next expected shoyel
Q@ le. Queue time for truckin the queue of the dump;6

Dik. Dump time for truck to dump its material in dunmip;6

NTinQS  Number of trucks in queue at shoyel

TSPO'[]; Spotting time for the trucl in the queue;

TLoadT, Loading timefor the truckg in the queue.

Objective function coefficients for the multiple objective model are calculated as follows:

Firstly, truck arrival time for each trugéko shoveljj is calculated using E¢103).

LD,. Ele'j
TRy =TN +—— @@D, Dy =+— (103
ik'- loaded ik j -empty

It is worth noting that indek @ Eq. (103 is referring to the dumping point where the triick

needs to first dump its material there and then move to the ghovel

Secondly, the next time shoyekill be available to serve truaks calculated using Eq104).

NTinQS
SA =TN+@a ( TSpotT +TLoag)' (104
g=1

Finally, using Eq(105) and Eq(106) objective function coeffients for two of the objectives are

calculated.
S,=TR -9 TN T Mg KL, D (109
T.=SA -R "GN T Mg KL D (108
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3.4.2.1.0bjective function

The realtime multiple objectivetruck-dispatchingmodel follows them-trucks-for-n-shoves

strategy introduced balarie and Gamachf]. The multple objective model consists of three
different objectivesThe f i rst objective function minimize
idle time (Eq.(107)). The second objective function minimizes summation of truck wait time in

the operation (Eq(108). The third objective function is a doprogramming objective that

mi ni mizes summation of dev(l0®)x iThese objectivemaregp aft h s 6
different scales and have diffetdevels of influence on the system. Apart from that, the third
objective is to minimize deviation from a target (or goal) value. The model iaradti.P model.

Thus, to solve the model we chose a-poeemptive mixed integer linear weighted sum goal
programming approach. The three objectives of the model are presented as follows:

N M D

f,=a a &% (107)
=1 2k E

f,=a a X« (108
i=1] 4k 1=

f.=a é.(cik "Cj;) (109

j=1k 2

However, since all the objectives do not belong to the same dimmensve normalize them to
dimensionless objectives using Nadir and Utopia points explaine@rbgzevichandRomanko

[131]. In this methodUtopia point sets a lower bod on individual objective. Nadir point sets an
upper bound on the objectives. The results of determination of these points will provide us the
lower bound and upper bound of the interval that the objective functions will vary in the Pareto
optimal set. Opmizing the system (minimizing) considering only one objective will result in the
Utopia point @’ ) which provides the lower bound of values for individual objectives ((Bd)).

The upper bounds are derived using the components of a Nadir point presentgd Ii)Eq.

2 =f(¥): ® argmin{ f(¥:x Iw i objective (110

z" =max(fi(>é”)):>k” =argmir;{ f(X x i}W i" 1=k ;k totatnumber of objectiv (111)

16 &
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Using Nadir and Utopia points objectives are normalizithimva range between 0 and 1 using the
Eq.(112.

_ f(x)- 2 ]

f (x):'(N# "i bbjectives (112
-7

After normalization of the objectives they can only vary somewhere between 0 andL13E).

0¢f(x) @ (113

The priority weights to be multiplied by the objectives will be obtained using weighted sum method
representing in Eq114):

anp-=1 i lobjectives (114

Finally, the multiobjective normalized objective function is as follows:

Minimizez= pf +p § 4§ (119
Each component of the objective function in Bd.5) is a weighted normalized version of an individual
objective presented in E{L07) to Eq.(109.
3.4.2.2.Constraints
Constraints limiting the objective function of ttreick-dispatchingmodel are listed in Eq116)

to B9. (125.

;";'1 &, = _Néf{a " L. .M} (116
NoM, NV

a &= aA "k {1...0 (117
i=1j 2 i H 1=

A Hox T i (L. N} (119
a dcx. 2 AF 3PQ 'k {L,...,Q (119
=1 4

A Hox ¢ SG “i {1 .M (120

awcx, + MR+ & PBL i{vLi..M & k{1.1.,D (121

i=1
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X, i {0.3 i (LN} f {iL.M}and k'{ 1.0} (122
xi 1 {0,3 "i {1..N}& {iL.M}& k"{ 1.0} (123
C, 20 "i {1,..M} & K {1..D} (124
c; 20 "j {1..M} & K {1..P} (125

Constraint(116) ensures that the number of incoming trucks to each shovel is equal to the number
of outgoirg trucks from the same shovel, meaning that whatever truck capacity arrived into a
shovel queue will leave that shovel. Constrgirit7) makes sure that thetal incoming haulage
capacity into a dump area equals the empty capacity leaving that specific dump location. Constraint
(118 limits the tonnage a truck cdaransport in one payload to its maximum nominal capacity.
Constraint(119 ensures that material hauled to the processing plants using all the trucks meet a
portion equal toAF times of the required processing target of each plaftis the adjustment

factor that adjusts the required amount of material at each processing plant. The adjustment factor

is calculated usingq. (126).

AF =& capacity of availabletrucks § required floate at path: (126

This means that onlF portion of the requirement of the ptarcan be met. Constrai(it20

limits the total haulage capacity sent to a shovel to the nominal digging rate at that shovel.
Constraint(121) calculates the deviation of the path flow rate for each path connecting a source to
a destination point from the desired path flow rate. Finally, consti@ia® and(123) make sure

two first set of the decision variables aredmnand constraint§l24) and (125 ensure non
negativity ofthe goal programming variableafter the model has been solved, it will dispatch

trucks to shovels.

3.4.3.Stochastic model

3.4.3.1.Deterministic truck -dispatching model

The goalin presenting this modeés$ to develop a dispatching model that minimizes cumulative
lost time for the entire active material handling fleet including both the loader fleet and the
transporter fleet considering operational limitations such as truck capacity, shovel digging rate,
and processing plants feed rate requirements while incorporategtruck travel time

uncertainties. However, we first present the deterministic model with the objective function,
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decision variables and the constraints and present the stochastic model in the next subsection. The
model presented in this section is a deiaistic model with all its input parameters taking
deterministic values. It can also be categorized as a mixed integer linear programming model based
on transportation problem. The objective function of the model, presented(tPBgminimizes

the cumulative absolute time difference between the timesttmitkeach shoves after dumping

at dumpd (t:s) and the time shovslwill be available to loadhe next truckras). The second part

of the objective function tries to maximize the adjustment faéby €ncouraging the model to
maximize a balanced material delivery to all destinations. AF will be explained later on. Finally,

VBN stands for very lg number.

T D S

mMnZ=8 & &eXe VBN Mf AR t{1l..T}, d{1.L.D}, and o'1,..8 (127

t=1d 2s E

The objective function coefficient for each of the variables is calculated usiritZ8).

CldS:|tlS -nasl
=[T (t,3+5) - S(4, §
™ (128

=|Itty +at, Ht, etty a—(tinq‘s tel‘?rl;J (S‘i?éi ltt)

ti=1

"ti{L.T} e s {L.g& d{L..B

Where:

Itt,q loaded travel time from current trutkosition to dimpd

aty time truckt must spend in queue at dumhpo dump its material
dt, time truckt spends at dumgto back up and dump its material

ett,  time truckt spends to travel empty from the dump locatido shovels

ting,  time a truck of typdi that is aleady in queue must spend in shovel s queue
tent;  time a truck of typeimust travel from its current position to reach shaevel
St spot time for a truck of typ&at shovebk

It loading time for a truck of typgat shovek
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Moreover, the decisions needrtore et oper ati onal constraints

(Eq. (129 and Eq120), destination demand constraint (E419), balancing truck distribution
over the paths (E132), and binary constraints (E(L.33).

5 Sétqu(tl "t {1...T} (129
d=1s 2

a deXs ¢ s¢ "s{1...% (130
a daXs? AF °pg d {L....0 (131
0¢ AF ¢mf (132
%l {0, "t (1.7}, a {bL..p}.and s{ 1.5 (133
Where:

X binary integer variable to assign trudo the path connecting shovatio dumpd
tc capacity of truck

sG capacity of shovesd

efe? capacity of dumml (ton)

AE adjustment factor that forces maddo evenly distribute extra available trucks among all
possible destinations

mf proportion of the cumulative avail abl ¢

rate that can be met using the available trucks
pf required path flow rat for path from shovedto dumpd based on upper stage decisions

pmsf, met so fapath flow rate for path from shoveto dumpd

S

uc
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Constraint(129 makes suwe that truckt cannot be assigned to more than one shovel. Constraint

(120 ensures that summation of nominal capacity of all the trucks assigned to sboesl not
exceed the shovel 6s n o MF maconstraint (41§ iisndgfined as e ( C ¢
adjustment factor. The adjustment factor is a variablagtiatcing the model to evenly distribute

the truck fleet capacity between all the destinations and is constraimedasyin Eq(132). mfis

a matching dctor that is calculated based on cumulative available truck capacity and cumulative

path material handling requirement using Bd@4). This factor is equab 1 when the total truck

fleet capacity is less than the required path flow rate and is equal to the proportion of the available
truck capacity to the total path requirements when there is extra fleet capacity available. The
adjustment factor is constraid bymfto uniformly distribute the extra truck fleet capacity among

all the needy paths to balance ore and waste production.

~
at
t=1

"t {1,..,T}, d {L..D} and s{ 1.5

S D

a apf,- pmst,)

s=1d

\<§) - C:—)—) [

(134

tc, truck capacity for truck t in the fleet
pfy, path flow rate for path linking shovel s to dump d

pmsf, Path flow rate for path linking shovel s to dump d that has been met so far

3.4.3.2.Stochastictruck -dispatching model

The presented model uses expected (detestiu) values for the input parameters. However, most

of the parameters affecting tirick-dispatchingdecisions aressociated with uncertaintiels

thisthesis we formulated our model as a stochastic integer programming model with rgdéjirse
tocapturencertainty of one of the major parameter s
ti me) . Reason to capture uncertainty in truck
cycle time in each cycle is spent in traveling. From that time, &fi%tis spent in travel empty.

As most of the time a truck needs to be dispatched has already passed some portion of its loaded
travel or even completed its loaded travel, the most important parameter where the uncertainty
associated with it needs to beptiwed is empty travel. Thus, the objective function of the

stochastic model that captures empty travel time uncertainty is(1(Es)):
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iE®d B B B 06 wolp 00 (135
—B B B B aoonRo Qo Qoo B 0QENOQET 0 o
Where:

ett,, time truckt spends to travel empty from the dump locatido shovelsin r'" realization

r Is an index referring to a scenario in the ststit integer model

nR  number of realizations implemented to generate random variables for empty trav

from its distribution.

In the developed model, the first two components ofotbhjective function are the same as the
deterministic model. Theéhird component is the minimization of the truck or shovel idle time in
material handling given the uncertainty in trucks empty travel time. The model is constrained with
Eq. (129 to Eq.(133). For each of the realizatiomsn the stochastic model withR number of
realizations, a random value is being sampledhfthe fitted distribution of the historical data of

the empty truck velocity. The sample is then imported into the model after preprocessing procedure

that calculates required travel time and is used durindebrsionmakingprocedure.

3.4.4.Fuzzy model

Underthe multistagetruck-dispatchingapproach70], [125], we deeloped a deterministic ILP

mat hemati cal mod el to make deci sovngthe nmadel t he
using stochastic programming approaesk identified fuzzy parameters and based on those fuzzy
parameters we improved the crisp moaehtfuzzy modelHerein, we present thfeizzy model

development andefuzzification procedure.

Zimmermann[132] and Zimmermann[133] for the first time implemented fuzzy set thgon
conventional LP modeld.34]. Then after, several FLP models have been developed to deal with
different realworld problems and more specifically in mining industries. Thastmwecent FLP
model developed in a mining operation context can be credit¢ti3t] where the authors
developed a FLP model to solve surface mines short term planning prévemthoughall of

the input parameters to solve the optimization models irtrtiek-dispatchingproblem might
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behave in a fuzzy manner, none of thas far developed models to solve theck-dispatching
problem have considered that fuzzy behavior. Thus, inhb&s we developed the fuzzy version

of our deterministic model as follows:

iEG B B B 6 o w6 0p 060 (136
Subiject to:

B B o0& Y6 I ON pfB RY (137
B B o0& i o Lin pMBRY (139
B B o0& 50n® 1'Qv pfB HO (139

And Eq.(132 andEg. (133 where:
0 aoono Qo Qoo B 0MQeENoOoQeEl 0 ao (140
It is worth noting thatorepresents fuzzy parametsm the model.

3.4.4.1 Defuzzification

The uncertainties in the input parameters of any fuzzy programming problem force two main
problems: the problem of extracting optimum objecfivection value for the objective function
containing fuzzy parameters, and the problem of relationship between fuzzy sides of constraints.
Solving these two problems is tied to the process of ranking fuzzy nurfit8k Several
approaches have been introduced in the literature of application of fuzzy set theory to rank fuzzy
numbers. A detailed explanation of these approaches can be fdagaéJif137] In this research

we implement method developed liynénezt al.[138] to rank fuzzy constraints and objectives.
Despite some other mettis, as claimed by authors, the method developdihiBnezt al.[138]

verifies all of the properties implemented in other approaches. The developed method uses concept
of optimality to deal with théuzzy objective functions and concept of feasibility to deal with the
feasibility of constraints. Another advantage of the ranking fuzzy numbers developiedémez

et al.[138]is that by implementinthis method, linearity of the LP model will be preserved which
helps to have a computationally efficient model to solve. In addition to aforementioned advantages,
it is capable of not increasing the number of constraints or the objective furfd@&hsThus, it

can be implemented in solving large scale FLP mofle&4]. The method is based on two
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mathematically strong concepts of expected value and expected interval of fuzzy njl#blers
that initially presented bji41] and[142] and was developed later on [dyt3] and[144].

To start with the Defuzzification process, we first define some required terms. A fuzzy number is
defined as a fuzzy set on the real line R that has reeship function presented in E441).

LT boon  HIT
Q@ bon ohd AQE d1 Qoi Q¢ Q
6 .p bov oy n & &R (141)
Q@ Loy O QO Qoi Rt Q
Vi) Loy @h b

A cut through the fuzzy number produces a nonfuzzy set and is defined as presentétdg) Eq.
O N o N pEI® Q ohQ o (142
The membership function for cases where thand g, are linear functions, is trapezoidal and in

cases wherey, = a, and the f, and g, are linear functions, is triangular (in this paper all the

parametes are assumed to follow the later membership function as due to its easy data acquisition
and computational efficiency this type of possibilistic distribution is the most common tool that is
used to model fuzzy paramet¢igl5]) [134], [139], [140], [144] The expected interval and the
expected value of a fuzzy number which first been introduceteilgern[143] can be calculated

using Eq(143 and Eq(144), respectivelyor a triangular fuzzy number.
O@® ©Oho . Q 6Q4h Q 6Q6 —h— (143

0 W (1449

According to the ranking method developedlbyeneZ146] Gis greater than or equal éain the
degree defined by EL45) [140].

AT M O n

LA Q@ey 0 OR © (145
wp M O =

If * ¢fo | thenitis said that at least in degreeafcdis greater than or equal € Based

on Parraet al.[147] ®and®are equal in degree @fif:
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- o p - (146)

Implementing all aforementioned definitions, any generalizedy linear programming model
where the fuzzy parameters follow triangular or trapezoidal fuzzy numbers (presented#Eq.
) can be converted to its egalent crisp model (presented in Efj48) using methods developed

by Jimenez[146] for treating fuzzy objective function andarraet al. [147] to treat fuzzy

constraints.

| Ed o (147
Subject to

o ORQ pfB

W oAQ o pMs R

Wwo  ORQ & pfB

W T

| ED0®d O

s.t.
[(1- a)E} +a&2]x ¢& I+ )&, i 1.5
[(1- a)E} +&2]x 2& (+ )&, it Ik (148
- %)Ej 4h2‘aEf]x 2;153 (1+—2)-aEf, i 1 1=.,m
[%Ej +(1 —§Eﬁ]x @ -2-ng —2%, i=l 4,.m
x2 0

Where based on the generalized approacllimenez[146], with g degree of optimism the

Owe Ondowithd & RD s defined as presented in Efj49).
OSww O p 10 — p [ — (149
According toEg. (141) to Eq.(1498), the equivalent crisp model of thevééoped fuzzy model for

thetruck-dispatchingoroblem in this paper can be formulated as follows:

D

S TT
a ﬁlttt§+qtt§ €] eil?)- & (ting, ten) (st 1) (150
is

t=1

.
2°=3

t=1d
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T D S TT
Z"=3 a ﬁltt&tht’; «t} ett;“)- 4 (ting,, +enr) (33;{‘; Itf;)‘ (151
t=1d & s tt=1
I oS oo
Z°=a a ?lttfﬁqt&’, €tg et)- & (ting,, +eng,) (st |t?rs)‘ (152
t=1d £ s tt=1
i EDO® wédlp 060 [—— p | — w60 0670 (153
Subject to
F P T P+ T TG +T .
8 b a) 1 g M aTOTTE )T TE t{i.Th (154
d=1s2€ 2 2 2 2
1 D.¢ P s +s s€ +s <
8 A o)1 g T a ST g ) ST $ {i..9 (159
t=1d 26 2 2 2 2
T S 0
a)tq MLCHIN i .2 AF 3 Bpg" g a-3 pg pﬁéé d {i..0} (156
t=153€ 2 2 u o 2 2 +

semf  if mf 2
AF | (157

el otherwise

%ol {0,3 "t {1,...T},and 9 {0L,..D} (158

.
a 16 X, ) )
mf = = "t {1,...T}, d {L..D},and s{1j.g (159
a alpfy- pmsfy)

s=1d#

g is degree of optimism of the decision maker ands degree of the minimum acceptable

feasibility of tre decision vector.

3.5. Simulation modek

Rockwell discrete event simulation software Ar¢h2]is used to develop simulation models of

the mining operation. We extensively used VBA capability of Arena to hb#dsimulation

models. In Step (Figure3.6), using VBAmacro written in Arena all the required input into Arena

for the simulation are read into it. The VBA macro written in Arena as the first input reads readable

input generated from the .dxf file of the road network by MATLAB. The same W&ro also
readsshortterm production scheduleyi neb6s road net wor k, di stri bu

data of the required parameters (such as velocity, load time, dump time, spot time, etc.), type of
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equipment in the shovel and truck fleets, etmrfthe data file and import them into the simulation

model. By building the simulation model, rest of the framework do memjuire any human
intervention to proceed theper ati onods simul ati on study. Th
parameters such as fittelestributions, equipment types and capacities, size of fleet, etc. can be
readily changed in the input file without any interruptadrthe linkage between the input data file

and the simulation model.

Step 1: Model Building

Road
Network

Expressions

Transporters

Figure3.6: Building components of the simulation model using VBA macro ($tep
In Step 2(Figure 3.7), the integrated simulation and optimization framework runs for the
designated time frame. During the run, each time a decisioeeded to be made, required
information from the simulation are exported to a text file. Then, using CHLEZ] linker
(OPLrun) thedecisioamakingmodel that is stored in a .mod file is recalled into CPLEX3]
software at the same time as the stored text file. Then, CPL4B{runs the mathematical model
and make theimulation model aware of the decisions made by using of \i&ferwards,the

simulation model implements the decisions made by CP[1EX] in the operation
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Figure3.7: Schematic of the framework during the run (Sgp
In Step 3(Figure 3.8), after the simulation run reaches to full completion, using a .xmaufitea
.csv file that contains all the output the simulation runVBA macrotransfersall the recorded
information into an SQL database for further analysis. Using MATLAB and OriginPro software,

required graphs and statistical summaries of the data from the simulation study are exported.

Step 3: Exporting Results and Data Analysis

Store in
SQL

Data analysis

Figure3.8: Exporting, storing, and analyzing results (S3p

3.5.1.System

The system includes one opgeih mineoperation its haul networkthe fleet management system

that makes semdynamic and dynamic decisiorits two processinglants and one waste dump.

At the beginning of the operatiosignal is sent to the upper stafprisioamakingmodel to make

decision on the required production. Then, based on the decisions made on the upper stage, the

simulation sends signal to the ead optimization model to make decisions on the uc k s 6
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destinations. By solving thiewer stage tuck-dispatching decisionmaking model, trucks are

assigned and travel ghoves from the bayThis is the start of the operation.

In the operation simuteon, the loading process is done by the shovel. Afterwards, loaded material
is transported to one of the destinatibased on the shetérm plan As the next step in the system,
the truck reaches the destination and backs up to the exact dumpingiltzationp the material.
Here is the timdower stagedecisionmakingpart of fleet management system (FMf#)ds the

best truck among those just dumped their material into a dump and the truaksitento a
dumping pointy calling CPLEX At the same tim, it finds the neediest shosend matches the
best truck with the neediest showlAfter finding its best destinatiorihe truck traved to the
shovel where dispatching system assigned iFigure 3.9 illustrates the flow diagram of the

operationin the simulation model

In the processing planssibmodes, a logical entity was defined for each of the plants. The logical
entity enters to the simulation at the start of the simulation, seizes a regulatfteadelevering
plantés flow requirement (which is set to cor

system. Along with it, a tank is being used to simulate performance each hopper.

3.5.2.Key Performance Indicators

To evaluate the performance of thevelopedruck-dispatchingnodels, we need to use some key
performance indicators (KPIs). Any mining complex encompasses two pajsof operation:

mining operation and processing operation. Any FMS has a major influence on the performance
of mining ard processingThe important KPIs, based on which we evaluate the performance of
our FMSs in the results chapter of this thesis, are listédle3.2.

Table3.2: Key Performance Indicators (KPI) to evaluate performance of the developed model in different scenarios

No. Area of Concern KPI to evaluate
1  Processing Plants total production
2  Processindrlants Hourly feed rate
3  Processing Plants Hourly head grade
4  Shovels or Loaders  Utilization of the equipment
5  Trucks or Transporter Queue length at sources
6  Trucks or Transporter Queue time at sources
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Figure3.9: A simple fow diagram of themining operationsimulation model
3.5.3.Model inputs
The simulation model input can be illustrated witlinmee categories of shoterm schedule
technicalcharacteristics, and fleet management systems deciJibagequired inputs from the
first category are including: coordinates and node IDs for the digging locations, total tonnage of
the blocks, material average grade for each block, ID of the destinations the materials are supposed
to be sent to, Shovel numb sequence number for each shovel, precedence, and distances from
the digging location to the dumping locatiofifie second category of inpudse decisions on
optimal paths flow rates, imported from the solutidrihe upper stage mathematical moded] an
decisions on the optimal trucks assignments, imported from the solution to the lower stage

decisionmakingmodel.The required technical inputs astovels' ID bucket capacities, loading
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cycle time, availabilitytrucks' ID, number of trucks of eachg, capacities, dump time, spot time,
availability, average speed of trucks when empty and when lobdeking timedesired grade of

each material type at processiptants maximum rate of processing at processing plants
geographical information regandy dumping locations, all information regarding coordinates of
the nodes connecting different parts of the road network, information regarding activity of any
paths within sources and destinations, bucket count for each combination of shouvalidkpe

type, and seasonal loading cycle times for each and every show#lughdype combination.

3.5.4.Simulation sub-models
The simulation model consists of eight differentibmodek. Table 3.3 lists the submodeb

developed tgerform tke simulation of the mining complex operation.

Table3.3: List of submodek used to develop simulation model

No. Sub-model Taskdéds description
1 Operation starting Recalls available trucks from the bay andigiss them to the available shovels
Loading Imitates the operation from the time a truck reaches to a shovel up until that
leaves the shovel
3 Dumping Imitates the process of dumping truck payloads into the dumping areas
4  Hopper and conveyor Simulates the stockpile, hopper, and the conveyor that feed processing plan
5  Season change This submodelsimulates change of the season and thus corresponding chat
in the parameter distributions affected by it.
Shift change Simulates change oféhoperation shifts as well as days
7 Path flow rate Prepares required input parameters to rurddesionmakingmodel making

decisions on the optimum path flow rate
8  Truckdispatching Prepares required input data to runtiiuek-dispatchingdecisionmakingmodel

Each of the simulatiosubmodesk listed inTable3.3 plays a crucial role in the simulation of the
mining complex The procedure that developed simulation model to mimic the operation are listed

below:

Step one: at the start of the simulatguibmodell that handles the start of the operation process
is responsible for the process of trucks travel from the bay to the available shovels.

Step two: at each shovel station, trucks are loaded by a shovel already assigned to the polygon in
that specific position, all the required information are transfdroed the polygon to the material
loaded onto the truck, truck leave the shovel and polygon (coming from theesinochedule)

remains there until it is fully depleted.
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Step three: the loaded truck travel on the road network taking the shortest patthefisimovel to

the dump destination.

Step four: if the destination is a waste dump, the truck backs up and dumps its material in the
designated area, otherwise, a decision is made based on current line up in front of each hopper,
then the truck is assigneéad the hopper with the least number of trucks in its queue. Then, as soon
as all the trucks in the line are done with the dumping process, the hopper capacity is tested, if it
has enough room for the truck, truck is allowed to dump its material. Othethastuck needs

to wait for hopper to open enough room for its material.

Step five: if the truck is already assigned to a shovel, it leaves the dumping area to start travel to
the designated shovel. Otherwise, the simulation model prepares requirediitagiatr theruck-
dispatchingdecisionmakingmodel.Once the decision is made by solving th&ck-dispatching

model, the truck is assigned to a shovel.

Step six: the truck travels to the shovel it is assigned.
Step seven: go to step two.

The procedureexplained above consists stibmodek 1, 2, 3, and 8Submodel 4 controls
stockpiles, hoppers, and conveyors. It accepts discrete truck loads in hopper and by simulating the
conveyor that connects the hopper to the downstream processing operatiotinitatigrieeds

the plant based on the required hourly feed &é:model5 runs using a logical entity to change

all the required input parameters when the simulation runs over two different seassuis. In
model6, a logical entity works toward changishifts of the operation when the simulation time
reaches to the end of each shift. The process of production optimigapioer stageflecisions

that must be made within a time interval are handled wibgnodel 7. Thissubmodelcollects
required datérom the status of the mining operation and sends them to an external decision maker
tool to make required decisions regarding optimum path flow rate.

3.6. Modelsbgeneral assumptions
Althoughwe tried to make the fleet management system (FMS) general ftnutdieand shovel
material handling operation in open pit mines, there are always some topics, which fall outside the

scope of a research project. Herein, these topics are:

1 During the time of mining a polygonrafeof mineralstays constanwithout any chage;
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1 Mining faces geographical position will not change during the time of mining that polygon to

depletion;

1 Decisions made in upper stage will not change until a big event happertisere is not any

possibility of human intervention intg it

1 Road netwok remains the same throughout the simulation time ancbmetruction or

maintenance are not considered;
Mine operates 24 hours a day without any shift change or coffee break

Equipment maintenanas not included in the simulation time or optimizationdab

= = =

Change made by drilling and blastiage excluded from the research
1 We excluded guipment failurefor both truck fleet as well as shovel fleet

3.7.Scopeand limitation s of models

The scope of the research is limited to applicatiormattiple objectivemixed integer goal
programming, stochastic integer programming, and fuzzy integer programming models in
conjunction with a stochastic discrete event simulation modehioertaintybasedruck fleet size
determination andruck-dispatchingin open pit mies. Although the models developed here
consider most critical objectives and constraints, so many factors in actual open pit mining
operations exist that need to be accounted for such as changing dump location, equipment failure,
drilling and blasting, rad development, etdecisioamaking

3.8.Truck fleet size determination

Haul fleet size determination is a critical task in any surface mining operetiere material is
handled usindgruck and shovelsystem Althoughthe problem of finding the optimum hauég

fleet size has been widely studjgtireeimportant shortcomirgare still in effect neglecting
uncertainies associated with the input parameters, disregarding downstream processes' effects on

the operation, andjnoring effects othefleet managemerstystembeing used

Any mining operation needs loading and haulage equipment to meet the planned production
requirement. Making decisions for selection and sizing of the loading and haulage equipment to
handle both ore and waste material throughout tleeolifmine such that it minimizes the total

material handling costs is calleduipment selection and sizing probl@a$sP)[36], [149], [150]
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Decision on the ESP3], [151] and, more specifically, size of the haulage fleet that handle the
material[125], [150]has a significant direct impact on the fleet efficiency and operation costs and
any nonoptimal decision will decrease performancéhamine. Thus, determining the optimum

fleet size with which the production requirement is met is critical. Thereseustal approaches

to find optimum haul fleet size in a truekdshovel surface mining operation. The common
approaches are: Match Factor (MF) and discrete event simulation (DES). MF was developed by
Douglas (1964¥or homogenous haulage fleet and modified Bayt and Caccetta[26] for a
heterogeneous haulage fleet. The DES approach is implementectial sesearchers to deal with
different operational problems in surface mif&g3]. AlthoughDarling [152] argues that the best
effective way of determining the material handling system productivity and fleet size in surface
mines is DES, there are some drawbacks in published literature of DES implementaticecm surf
mining studies which may cause the fleet size to be far from optimal. Three of the main drawbacks
of the current models are: fgnoring effects of downstream processes on the mining operation;

2- underestimating the effects of fleet management systartise performance of the truck fleet;

and 3 disregarding uncertainties in input parameters.

To address the abovementionddawbacks,we implement thesimulation and optimization

framework for hawdgefleet sizedetermination

3.9. Summary and conclusions

In this chapter we presented a hybrid simulation and optimization framework aitnghree
different decisionmakingmodels to solvehe truck-dispatchingproblem in surface mine3he
hybrid simulation and optimization framewonkimics material handlingnithe surface mining
operation. The framework linkke mining operation with th&MS andthe processing plants in
an integrated environmenthe decisionmakingmodels to solvéruck-dispatchingproblem are
part of the FMSin the integrated framework. Hadime a truck needan assignmentthe

optimization dispatching model is called

We showed how these sslgstems work individually and how they are linked to each other in the
integrated framework. We also presented the connection between the framedviit& data file
that provide all the required information In addition we introduced components of the
framework. The simulation sumodel that mimics the maters&ahandling operatiorand the

simulation submodel that mimics the processing planésinput conveyor and hopper, the
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components ofFMSsincludingtheupper stageecisionmakingoptimization model as well dse

lower stagadecisioamakingmodels.

For the upper stag#ecisioamaking the benchmark mod#éiat weintroduceds based omimodel
develged by White and Olsof12]. For the lower stag@ecisionmakingin FMSs we offered

three mathematical models. The first one solves the lower stage problem using multiple objective
goal programing. The second one implemenstochastic programming approach to solve the
lower sta@ problemand the thirdneusesafuzzy linear programming approach to deal with the
lower stage problenwWe presented adif theabovementioneddecisionmakingmodels with their
objective functions and constraints. We explajriedietail,the variable and parameterseeded

to develop the modelsOur models maximize production usirtge available fleetwhile
simultaneouslgatisfying the upper stage decisions amdimizingt h e s fdle e bnstlge

t r u wat §nde.Operational constraints limihe decisions of the lower stage models, including

truck capacityshovel dig rateandprocessing plant capacity.

Finally, this chaptempresentd the simulation model linked to tHeMS. The simulation model
consists of eight sumodels two of whicharemain submodels.One of thossulbmodek mimics
thetruck and shovel operation andesubmodelmimics the processing plants. We defined the
systems in the simulation mogd#te inputs to the suimodels, andhe required Key Performance

Indicators (KPIs}Yo be capturedubmodel
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4.1.Introduction

In this chapter we focus @resenting results @heimplementation othe hybrid simulation and
optimization framework as well @sedevelopedlecisioamakingmodels to solvéhelower stage
(truck-dispatching problemin an iron ore case studWe introducethe location of the iron ore

mine, its production schedule, and its road network in the nexsextlbn.We present the
verification of the framewd with a detailed analysis and comg#re individual process values.
Becausdistorical data from the case studyot availablea full validation studyf the developed
frameworkis not presented in this thesiBhe chapter also presentse procedue of scenario
development and determination of optimum fleet size for both homogeneous and heterogeneous

fleets.

The chapter also preseritee implementation of the framework with five differedispatching
algorithmsin the case study. Firstye presentthe results of implementing the benchmark
dispatching systenThen, by replacing the lower stagecisioamakingmodel with the multiple
objective model (MOGP), we presemtompaative analysiof the MOGPandthe benchmark
model.In the next sections, wentinue to assess the performance of the stochastic mixed integer
linear programming model and the fuzzy linear programming model in comparison to the

benchmark modeTlable 4.1 shows aismmmary of the scenarios developed to evaluate the models.

Table4.1: Summary of the scenarios udedcevaluae the developed models

Scar;arlo # of shovels # of trucks # of dumps Dispatch model
Typel Type2 Typel Type2 Ore Waste BM Multi Stochastic Fuzzy
1 3 2 20 0 2 1 \% \% \ \%
2 3 2 22 0 2 1 \Y Vv \Y; \Y
3 3 2 24 0 2 1 \% \% \) \%
4 3 2 26 0 2 1 V \Y \% Vv
5 3 2 28 0 2 1 \% \% \ \%
6 3 2 30 0 2 1 \% \Y \Y V
7 3 2 32 0 2 1 \Y \Y \Y \Y
8 3 2 34 0 2 1 V \Y \% Vv
9 3 2 36 0 2 1 V \ \Y \Y
10 3 2 0 15 2 1 \% \Y X X
11 3 2 0 16 2 1 \Y \Y X X
12 3 2 0 17 2 1 V \ X X
13 3 2 0 18 2 1 \ \% X X
14 3 2 0 19 2 1 \% \Y X X
15 3 2 0 20 2 1 \Y \Y X X
16 3 2 0 21 2 1 V \ X X
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17 3 2 0 22 2 1 \% V x X
18 3 2 8 16 2 1 V V x &
19 3 2 10 15 2 1 \% \Y x x
20 3 2 12 14 2 1 V Vv X x
21 3 2 14 13 2 1 \% \Y, x x
22 3 2 16 12 2 1 V V x &
23 3 2 18 12 2 1 \% \Y x x
24 3 2 20 10 2 1 V Y X x
25 3 2 22 8 2 1 \% V x X
26 3 2 24 7 2 1 V V x &

4.2.Case study

To testthedevelopedrameworkin a cas study we neetlvo types of datahestrategic schedule
andthetechnical operational data. iWever, because of unavailability of required data from the
operating mine,the strategicproductionschedule wasorrowed formUpadhyay[129] and the
operating equipment are assumétking operational data of an existing mirtbe required

distributions forprocessesf truck and shovel operation were fitted

4.2.1.Mine locationand its operational data

Gol-E-Gohar iron ore mine is located in KemmProvince of IranThe project lies in southwest of
the province, approximately 50 km southeast of the city of Sigagufe4.1). Mining operation
in Gol-E-Gohar is being handled by a truekdshovelmaterialhandlingsystem.

The equipment that we assessed consists of Hitachi EX2500 and Hitachi EX5500Ex excavators
and rigid frame rear dump Cat 785C and 793C trutkble4.2). There are three main dumping
points for the loaded truckecluding two processing plants and one waste dump, each of which
has two hoppers (or dumping point in the case of waste duigple4.2 shows the location of
loading and dumping points as well as the road aetvor the year 11 of the operation.
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Figure4.1: Location of the GeE-Gohar Project in Kerman Province of Iran
Table4.2: General specifications of theqatuction fleet
. . — Starting
No. Loading Point Destination Distance (m) Loader Hauler
Plant 1 4129 . .
1 Shovel 1 Plant 2 3626 Hitachi EX2500 Cat 785C & Cat 793C
Plant 1 4196 . :
2 Shovel 2 Plant 2 3693 Hitachi EX2500 Cat 785C & Cat 793C
3 Shovel 3 Waste ump 1930 Hitachi EX5500 Cat 785C & Cat 793C
4 Shovel 4 Waste Dump 1850 Hitachi EX5500 Cat 785C & Cat 793C
5 Shovel 5 Waste Dump 4295 Hitachi EX2500 Cat 785C & Cat 793C
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Figure4.2: Gol-E-Gohar Iron Ore Mine Yeatl Road Networkand loading and dumping locations

Five shovels are working in the case study to meet the production schedule requirement.

characteristics of the shovels used in the cagtysre listed imable4.3.

Table4.3: Characteristics of shovelgrking in the mining operation of the case study

Equipment Type Number in use Bucket capacity (t) Cycle time (s)
S1, S2, and S5 Hit 2500 3 NORM(14, 1) NORM(17, 0.5)
S3 and S4 Hit 5500Ex 2 NORM(21, 2) NORM(16,1)

To transport the mined material from the mining faces to the destinations, the mining operation
employs two types of trucks as mentioned abdwadhle 4.4 provides informatiorregardingthe

characteristics of these two truck types.

Table4.4: Characteristics of trucks working in the mining operation of the case study

Equipment Type Capacity (t) Spot time (s) Dump time (s)
Hit 2500 Hit 5500Ex

Truck Type 1 Cat 785C 140 LOGN(32,26) LOGN(69, 94) NORM(60, 27)

Truck Type 2 Cat 793C 240 LOGN(42, 41) LOGN(79, 114) NORM(52, 21)

The mine operates with two processing plants. Each of the processing platsméavusher that
has a hopper to provide a continuous f8éatrucks hauthe removed waste material into a waste
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dumpwhere two scrapers are working to make it possible to have two trucks dumping at the same

time. Table4.5 presents information regarding the processing active plants in the operation.

Table4.5: Operational characteristics of the active processing plants

Dumping point Desired MWT grade Target feed rate (tph Hopper Capacity (t)
Plant 1 Crusher 65% 2300 500
Plant 1 Crusher 75% 2300 500

Failure of the equipment are not considered in this study.

4.2.2.Strategic schedule

The yearly schedule that was created based on drill holeudisigg GEOVIA GEMS[153] and
GEOVIA Whittle [154] by Upadhyay[129]is given inFigure4.3. With an average stripping ratio

of 1.99, the yearly production schedule requires to mine 172.654 Mt of ore for which the material
handling system needs to move 344.309 Mt of waste fronpith&he deposit consists of Iron
(MWT), Sulfur (S), Phosphorous (P), and waste, where MWT is the material of interest with S and
P asimpurities[129].

10 days of operation from year 11 of the production schedule was selected to be used in our model
implementation. This period selection leads to requirement of production of ore and waste material
as listed inTable4.6.

Table4.6: Scheduled tonnage and grade of material to be handled during the period of simulation
Year 11 Total material (t) Ore (1) SR MWT Grade (%)

10 days production 41569600 552000 13 6858
requirement

The pit, access roads, blocks to be mined in year 11 of the mine life, and location of discharge
points are shown iRigure4.4.
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4.3.Models verification
To verify the integratedframework distributed timebetween different processes of the shovels

fleet including loading, spotting, and hanging (idling) times are presentédune 4.5, Figure

4.6, andFigure4.7 for different size of small, large, and mixed trucks fldisted in Table4.1,
respectivelyCumulative operation time for all the five steds in the fleet follO days of operation

with one 12hour shift in each day is calculated as 5x10x12=600 h®hrs.600 hours operation

of truck fleet as shown iRigure4.5, Figure4.6, andFigure4.7 arefulfilled using the integrated
framework.Figure 4.5, Figure 4.6, andFigure 4.7 also show that by increasing the number of
trucks in the marial handling fleetcumulative idle time of shovels fleet are transferred to
cumulative spotting time and cumulative loading time in all three cases of small truck fleet, large

truck fleet, and mixed truck fleet.

Cumulative Shovels Operation Time

600 - -
974 ka4 R724 R62 k564 K514 Ry Ra7y Razy Ra2y R3sy K374 R34
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Figure4.5: Summation of shovel fleet operation time with different fleets of small trucks
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All other characteristics of the operation including individual shovel loading, spotting, and idling
times, along with truckdumping, empty velocity, loaded velocity, loaded tonnage and other

characteristics are also verifibgf comparing against data fed to the integrated framework.

4.4.Scenario development

To define operational scenarios, we deterministically calculated th@eedieet size using a
match factor definition introduced IBurt and Caccetti26] and evaluated b haowasakoo et al.
[155]. It is worth noting that the logic behind theatth factor is dividing any mining operation

into three different categories as listedrable4.7.

Table4.7: Mining operation systems based on match factor

No. Mining operation system Match Factor

1 Undertruck system <1
Balanced system =1

3 Over truck system >1

Match factor calculation for our case study shdlatto have a balanced system (match factor
equals 1) we need to have a truck fleet of 37 trucks of Cat 7888 a nominal capacity of 140
tonsor a truck 3 trucks of Cat 83C with a nominal capacity &40 tonsto meet the production
schedule. However, there are some limitations in finding truck fleet size using match factor.
Firstly, the match factor does reaxtcount for any uncertainties in the input parameters. The second
limitation is that it determines the size of the fleet based on leickéidpatching approach (where

the operation is not using any FMS), which is not the case in most of the currentysactace
mines. In other words, the match factor does not consider effects of denisiimy tools (fleet
management systems) on the size of the fleet. To address (or ovetitesesghortfallajsing the
deterministic fleetize determination proceday we defined different scenarios in the range of
undertruck systems (readers are encouraged to reff2@pfor more details about mining fleet
systems¥or both fleet of small trucks and fleet of large truckken, the simulation model of the
case study was run for each of the scenaifibs.rationale behind choosimgdertruck systems

is that the deterministic match factor does not account for effects of the FMSs on the fleet size and,

consequently, it overestimates the required fleet size.

The truck loading in all the scenarios is haadlusing fiveactive shovels. Theintegrated
simulationframeworkwas set up for five replications to reach the required half widths for total

material sent to each of the processing plants of within a confidence interval o\@5¢an he
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simulation modefor 12 hours per shift and 10 shifts for each scenario. However, as any other
simulation work, this work has some assumptions and limitations. We assumed that over the run
time of the simulation model, the ore polygons have consistency in materiay quaitonnage.
Another assumption is thatl the machineriesare mechanically available for entire simulation

time. This assumption was made to make sure that the productivities reported by different
dispatching algorithms are comparabléde last assumpn of the simulation model is that

driverso6 errors do not have any effect on ope

To transport the materials from the shovels to the designated destinations to meet the production
requirement, it is possible to choose a homogeneous fleet of sackl,thomogeneous fleet of

large trucks, or a Heterogeneous fleet of small and large trucks conalsitisted in
Table4.8,

Table4.9, andTable4.10, respectively. For each of the defined scenariosiseelthe integrated
simulation and optimization framewonk the case study

Table4.8: Homogeneous small truck scenarios with their associated fleet size.

Scenario 1 2 3 4 5 6 7 8 9
Fleet Size 20 22 24 26 28 30 32 34 36

Table4.9: Homogeneas large truck scenarios with their associated fleet size.

Scenario 10 11 12 13 14 15 16 17
Fleet Size 15 16 17 18 19 20 21 22

In the fleet of heterogeneous trucks, we started with a scenario with eight small trucks in the fleet
to meet a portion aherequired production. After calculating the required number of large trucks

to meet the rest of the production requirement deterministically, we used the simulation framework
to find the minimum number of large trucks required to meet the production iegnfjeéet
management systenfsither benchmark or multiple objective FMS¥Je then added two more
small trucks to the fleet and followed the same procedure until we had 24 small trucks in the fleet.
Table 4.10 lists the optimumnumber of truckswhen using the benchmark fleet management
system and when substituting it with the multiple objective model.

Table4.10: Heterogeneous truck scenarios with their associated fleet size.

Scenaio 18 19 20 21 22 23 24 25 26
Small 8 10 12 14 16 18 20 22 24

Lgrlae 16 15 14 13 12 12 10 8 7

Fleet
size
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Large

Multi 14 14 12 11 10 8 6 4 2

4.5.Implementation of the developed framework

After defining scenarios for the operation of the case studyeheloped hybrid simulation and
optimization frameworkvas implementedith four different combinations of FMSs includirig

the benchmark FM) the FMS developed by combining upper stage model of the benchmark
FMS and our lower stage MOGB) the FMS deeloped by combining upper stage model of the
benchmark FMS and our lower stage stochastic programming naodef)the FMS developed

by combining upper stage model of the benchmark FMS and our lower stage fuzzy linear

programming model

4.5.1.Benchmark FMS

The benchmark (BM) FMS that we implemented in this thesthédbackbone algorithm of the
Modular Mining DISPATCH [11] FMS that was developed byhite and Olsorf12] and Olson

et al.[51]. We coded both of the upper stalgeisioamakingmodel and the lower stagecision
makingmodel in IBM CPLEX[128] and linked it to the simulation model of the mining operation

in the developed frameworlSince DISPATCHK [11] is a proprietarysoftware, the details of
heuristics behind it and the changes into the dispatch algorithms and upgrades since it is
introduction inWhite and Olsoifil2] is not publicly available. We aresingWhite and Olsoifi12]

as the benchmark to have a fair measure for verification of our developments. We do not claim
that the algorithms developed in this thesis will outperfstodular Mining DISPATCH because

we do not have any means to assess suchansop.Results of implementation of the developed
integrated framework in different homogeneous and heterogeneous scenarios in the case study
where the BM FMS makes required satghamic and dynamic decisions are presented in

following sections.

4.5.1.1.Homogereous fleet of small trucks
The integrated framework with BM FMS as the decision makaes implemented firsbn the

scenarios listed in

Table 4.8 for the fleet of small trucksBy increasing the number of trucks in the fleet, each

important KPI has been evaluated and compasiaos presented iRigure4.8 to Figure4.11.

Figure4.8 shows how cumulative plant feed requirement is met by incredm@ngmber of trucks
in the fleet. The blue dash lines in the graph stands for the required cumulative input for plant 1
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and the total ore to be delivered. The graph shbwassit is not possible for the fleet to meet the
plants requirement in scenario 1 with 20 small trucks in the fleet to scenario 8 with 34 small trucks
in the fleet. The only scenario that is capaiflmeeing the plants input requirement is scenario 9

with 36 small trucksScenario an only meet 64% of the required plants feed. By adding 2 trucks

in each successive scenario, the fleet can meet an extra 5.5% of the plants requirement up to being

able to meet 97.5% of thel a requidesnents in scenard®

By increasinghe number of trucks, the shovel flegas utilized vith an average increase of 3%

As depicted byrigure4.9, by 25% increase in utilization of the shovel fleet, the operation can only
meet the production reqeiment using 98% of the shovel fleet available tiRegarding the truck

fleet, by increasing number of trucks in the fleet with fixed number of shovels, the trucks in the
fleet spent more time in the queue at shovels waitinfpading to startRigure4.10). Each truck

spent an average of 37 hours out of 120 available hours (31% of its available time) waiting in
gueue. Increase ithe number of trucks also causad increase in thpercentage othetime a

truck reachego a shovel andaces a lineup of at least one truckHgure4.11). With a jump of

55%, in scenario 9, 86% of the times a truck reached to a shovel, it faced lineup in front and needed
to wait in queue to be loaded.
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Figure4.10: Cumulative average queue time for trucks in the operat®M i small fleets
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Figure4.11: Percentage of the times a truck faceg lup in front of shoval BM i small fleets
4.5.1.2.Homogereous fleet oflarge trucks
In scenario 10 to scenario,liristead of having small size trucks in the fleet, we replace them with

large trucksTonnage of materiaent to the processing plants using déferfleet of large trucks
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are presented iRigure4.12. The production requirement of the operation was met using a fleet of

21 large trucks. The fleet size that by increasing its size to 22 large trucks, the shovel fleet was
utilized the sameHigure4.13). due to a decrease total number of active trucks in the operation,
amount of time spent by a truck at queue decreased dramatically comparing to the scenarios where
materialwasbeing handled by fleets of small trucksgure4.14). however, bymcreasing number

of trucks in the fleet, the percentage of time a truck encountered lineup in front of shovel increased
by about 30%FKigure4.15).
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Figure4.12: Total tonnage obre delivered to the processing plants with increasing number of trigksi large
fleets
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Figure4.15: Percentage of the times a truck faces line up in front of siid®®l i largefleets
4.5.1.3.Heterogeneous fleet
In scenarios 18 to 26tasting from a fleet of small trucks that meets production requirement, by
reducing number of small trucks in fleet and adding large trucks insteaiied different mixed
fleet scenarios. Herein, resuidbf scenarios of mixed fleet that meet the production requirements.
All the scenarios in the heterogenous fleet with the combination of trucks represehigdréen
416 me e t plantsdéd capacity requirements. Above
utilized by the truck fleet in all the scenaridsidure4.17). However, the truck fleet spent 28%
more time in queue at shovels in saeo 26 with 24 small trucks and 7 large trucks than the fleet
spent in scenario 18 with 8 small trucks and 16 large tru€igsie4.18). The percentage of the
time a truck faced lineup in front of a shovel increased by 13% $@enario 18 to scenario 23
because of increase in number of trucks in the fleet and after that, as the fleet size did npt change
the percentage of times trucks faces lineup at shdicklsot experienced any big variatidgiidure
4.19).
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Figure4.17: Shovel utiization with increasing number of truck8M 1 mix fleets
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Figure4.18: Cumulative average queue time for trucks in the operat®® i mix fleets
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4.5.2.Lower stage MOGP model

After running the integrated simulation and optimization framework developed in this research for
the case study with algorithm of modulammig DISPATCHR[11] as its FMS and analyzing the

key performance indicators of the operation, we replacetribk-dispatchingpart of the FMS

with the MOGP mathematical modilat wasdevelopedn this researchWe ran thesimulation

for all the scenarios listed in
Table4.8,

Table4.9, andTable4.10. Results of implementation of the integrated simulation and optimization
framework with MOGP mathematical model agitsk-dispatchinglecision maker are presented
in this section.

4.5.2.1.Homogereous fleet of small trucks

In scenarios 1 to 9 where the material was handled tiget of small trucks, results of the
evaluation show that the operati ommscanariofheet t
with fleet of 3 trucks to scenario 9 withfleet of 36 small trucksHigure4.20). The shovel fleet

utilization increases for 20%y increasing number of trucks from 20 in scenario 1 to 36 in scenario

9 (Figure 4.21). Regarding the truck fleetrigure 4.22 and Figure 4.23 show that, although
percentages of the time a truck faces queue at shovels increased by 200% from scenario 1 to

scenario 9, summation of the time a truck spent in queue had only increased by less than 50%.
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Figure4.20: Total tonnage of ore delivered to the processing plants with increasing number of thICK3P
small fleets

Figure4.21: Shovel utilization with increasing numbefrtaucksi MOGPT small fleets
















































































































































































































































