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ABSTRACT 

 

A robust simulation-based optimization approach is proposed for truck-shovel systems in 

surface coal mines to maximize the expected value of revenue obtained from loading customer 

trains.  To this end, a large surface coal mine in North America is considered as case study.  A 

data-driven modeling framework is developed and then applied to automatically generate a 

highly detailed simulation model of the mine in Arena.  The framework comprises a formal 

information model based on Unified Modeling Language (UML), which is used to input mine 

structural as well as production information.  Petri net-based model generation procedures are 

applied to automatically generate the simulation model based on the whole set of simulation 

inputs.  Then, factors encountered in material handling operations that may affect the robustness 

of revenue are then classified into 1) controllable; and 2) uncontrollable categories.  While 

controllable factors are trucks locked to routes, uncontrollable factors are inverses of summation 

over truck haul, and shovel loading and truck-dumping times for each route.  Historical 

production data of the mine contained in a data warehouse is used to derive probability 

distributions for the uncontrollable factors.  The data warehouse is implemented in Microsoft 

SQL, and contains snapshots of historical equipment statuses and production outputs taken at 

regular intervals in each shift of the mine.  Response Surface Methodology is applied to derive 

an expression for the variance of revenue as a function of controllable and uncontrollable factors.  

More specifically, 1) first order and second order effects for controllable factors, 2) first order 

effects for uncontrollable factors, and 3) two factor interactions for controllable and 

uncontrollable factors are considered.  Latin Hypercube Sampling method is applied for setting 

controllable factors and the means of uncontrollable factors.  Also, Common Random Numbers 
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method is applied to generate the sequence of pseudo-random numbers for uncontrollable factors 

in simulation experiments for variance reduction between different design points of the 

metamodel.  The variance of the metamodel is validated using leave-one-out cross validation.  It 

is later applied as an additional constraint to the mathematical formulation to maximize revenue 

in the simulation model using OptQuest.  The decision variables in this formulation are truck 

locks only.  Revenue is a function of the actual quality of coal delivered to each customer and 

their corresponding quality specifications for premiums and penalties.  OptQuest is an 

optimization add-on for Arena that uses Tabu search and Scatter search algorithms to arrive at 

the optimal solution.  The upper bound on the variance as a constraint is varied to obtain 

different sets of expected value as well as variance of optimal revenue.  After comparison with 

results using OptQuest with random sampling and without variance expression of metamodel, it 

has been shown that the proposed approach can be applied to obtain the decision variable set that 

not only results in a higher expected value but also a narrower confidence interval for optimum 

revenue.  According to the best of our knowledge, there are two major contributions from this 

research: 1) It is theoretically demonstrated using 2-point and k-point response surfaces that 

Common Random Numbers reduces the error in estimation of variance of metamodel of 

simulation model.  2) A data-driven modeling and simulation framework has been proposed for 

automatically generating discrete-event simulation model of large surface coal mines to reduce 

modeling time, expenditure, as well as human errors associated with manual development. 
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CHAPTER 1 

1 INTRODUCTION 

Coal, as one of major fossil fuels, has been major source of energy production worldwide 

for many centuries.  For example, coal was the largest source for generation of electricity 

worldwide in 2012 (Wikipedia 2012).  To meet the growing demand for energy, coal production 

globally has increased by about 3.8 billion tons over a span of 30 years beginning 1980 that 

translates to a 91% increase (U.S. Energy Information Administration 2012).  The U.S. was a net 

exporter in 2010, where the surplus of exports over imports was 5.7% of the total amount mined 

in 2010 (U.S. Energy Information Administration 2011b).  Its reserves in the U.S. will be active 

for at least another 235 years into the future (Faces 2013).  These reserves will be used to feed 

the demands of electricity generation industry, where coal is one of the largest power sources 

with over 1400 coal-fired electricity generation units distributed (U.S. Energy Information 

Administration 2011a).  In fact, the energy output of coal in the U.S. has been increasing steadily 

over a period of 62 years from 11.974 quadrillion BTU in 1949 to 22.18 quadrillion BTU in 

2011 to meet increasing energy needs.  It was also the second highest source of energy 

consumption at 25% of total energy consumed.   

Besides powering the economy with energy, coal also provides employment in the form 

of coal mining.  It is a major industry in the U.S. employing over 134,000 people (National 

Mining Association 2011).  Creation of a coal-mining job leads to creation of 3.5 jobs in other 

sectors of the economy (National Mining Association 2013).  So, for a long time in the future, 

the coal mining industry will aid the progress of the economy by providing jobs as well as one of 

the main sources of energy.   
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Until production and consumption of alternative renewable energy sources become 

mainstream, it will be imperative to maximize revenue in operation-intensive coal mining 

operations by optimizing the material handling equipment routing or dispatching variables.  

Similar to manufacturing and supply chain systems, surface mines and in specific, coal mines 

need to maximize revenue while reducing operational costs.  Thus, after having achieved 

automation in almost all mining processes, the decision-making is also becoming increasingly 

automated.  For instance, for performing truck dispatching decisions, semi-automated software 

systems such as DISPATCH® are popularly used.  Semi-automation implies there is need for 

frequent manual intervention.  In case of the DISPATCH®, personnel in charge of overseeing 

truck operations set performance targets such as production rate at shovels, and utilization of 

shovels and dumps.  However, since performance targets are set based on human experiences 

and without the aid of a formal tool, the resultant revenue obtained from loading customer trains 

may have much scope for improvement.  There is a need to determine the best truck dispatching 

strategies that help achieve maximum revenue.  In the current case study, the revenue obtained 

from coal delivered to a customer is highly dependent on the blend of coal delivered at the 

dumps from shovels.   

As is the case with many optimization problems, particularly involving uncertain 

variables such as truck travel time, shovel loading time and truck dumping time, there is a need 

to determine the truck dispatching strategy that is the ‘robust’ optimum.  The dispatching 

strategy can be rules for routing trucks to sources and destinations of coal.  These values will 

specify which shovel (coal source) and dump (coal destination) to allocate to a particular truck.  

Here the intent of ‘robust’ optimum solution is to find a solution that not only maximizes 

revenue but also is relatively unaffected by the type of uncertainty known as aleatory uncertainty 
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in these variables.  This type of uncertainty is irreducible due to the stochastic nature of these 

variables.   

Since mining systems like supply chain and manufacturing systems are large-scale, 

solving their optimization problems necessitate the use of computers providing, at the minimum, 

1) database for storing inputs and/or outputs; and 2) optimization tools, besides computing 

requirements.  Solving optimization problems using computers require either the mathematical 

formulation with an objective function and constraints explicitly in a closed form; else, the 

objective plus some constraints may need to be evaluated using a descriptive model of the 

system.  The computation methods underlying such descriptive models may be numerical 

simulation, discrete-event simulation or system-dynamic simulations among others based on the 

required level of detail in the simulation outputs and availability of input data needed by the 

method.  But use of computer-based descriptive models simulating uncertain variables introduces 

epistemic uncertainty in the outputs.  This form of uncertainty introduced by the computer model 

is due to sequence of random numbers generated by pseudo-random number generator.   It can 

be reduced to an insignificant amount by taking the average value over a large number of 

observations.  However, in reality, the time available to reduce the epistemic uncertainty is 

limited.  So, alternative ways have to be followed for sampling the pseudo-random numbers 

assuming a limited replication-budget to estimate output variance better compared to random 

sampling.  Among them include different sampling methods such as CRN (common random 

numbers), Latin Hypercube Sampling (LHS) and stratified sampling.  In cases where two 

competing system configurations are compared based on their output, reducing the epistemic 

uncertainty of the difference in their outputs will be very beneficial.  CRN is one such method 

used for variance reduction in difference between the outputs of two competing configurations.  
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LHS and stratified sampling can help sample pseudo-random numbers of different observations 

(such as simulation replications) of the same configuration to improve the estimate of the mean 

outputs compared to random sampling.  In this work, a configuration is identified by a set of 

decision variables as well as constants that affect the final output but do not have uncertainty 

associated with them.   The decision variables can vary across different iterations in a simulation-

based what-if analysis but remain same in multiple replications of the same iteration.  The 

constants differ from decision variables for fact that they remain unchanged across iterations as 

well as replications.  They are also termed as base configurations or base systems in this work.  

Studying the robust revenue maximization problem in coal mines under a variety of base 

systems is important to this research.  For a mine, the base system could be defined by the set of 

its components such as shovels and dumps.  This would imply, for instance, that the simulation 

models need to be developed from scratch for systems varying in number of shovels and dumps.  

In fact, lot of significant effort needs to be spent in modifying simulation models.  Since the base 

system in the mine with respect to the number of shovels active can vary daily, it would be 

beneficial if the model development can be automated.  Automation procedures for simulation 

models have been demonstrated in manufacturing systems (Son et al. 2003).  The automation can 

be based on an underlying information model that is developed to formalize and standardize the 

structure of the model inputs, base structure and outputs over a wide range of possible mine 

material handling networks.   

Metamodels of real systems can be used to expresses a desired performance measure 

mathematically in a closed-form under varying values of controllable and uncontrollable 

variables of that system.  The purpose of such a procedure is to be able to observe the behavior 

of the system under varying underlying conditions without disturbing the real system.  Such 
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disturbances are deterrents due to the possible cost of experimentation on actual system.  If 

experimentation on a prototype of the real system is expensive then a metamodel may be used 

for that prototype.  Metamodel-based simulation optimization approaches have become popular 

due to existing mismatch between limited computing capacity required to evaluate multiple 

candidate solutions for optimization within given computational time and the large computing 

capacity available for evaluating near accurate simulation models of real systems.  Response 

surface methodology (RSM), stochastic Kriging, Radial-basis functions are three major 

metamodeling approaches that have been applied to computer models.  On the outset, they differ 

in the type of expression used for metamodeling but the common challenge however is in the 

experimental design and fitting of the metamodel chosen.   

In summary, for developing a simulation-based Decision support system (DSS) that yield 

best coal routing strategies to maximize revenue of large surface coal mines, three technical 

issues need to be addressed.  They are 1) man-hour burden involved in developing simulation 

models from scratch every time the base system, such as number of shovels or crushers, changes; 

2) choice of best coal routing strategy of trucks determined by simulation optimization in order 

to maximize revenue; and 3) minimizing the variance of the optimum revenue obtained from 

simulation-optimization due to epistemic uncertainty generated by pseudo random number 

generators as well as due to aleatory uncertainty from uncontrollable variables in simulation.  In 

the next few sub-sections, an overview of the following are provided: 1) data-driven modeling 

and simulation framework; 2) simulation-based hierarchical framework for optimal planning; 

and 3) simulation-based robust revenue maximization using data-driven simulation model.  

These frameworks have all been proposed in this dissertation to resolve the above issues, 
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respectively.  Then, the main goal statement is mentioned along with the objectives that are set to 

be achieved as part of the goal.  These objectives will become contributions of this work.   

 

1.1 Data-driven Modeling and Simulation Framework 

In a coal mine, ore is routed from pit or stope to the customer via material handling 

system (MHS) or material handling network, which consists of several processing and 

transportation equipment.  Statistically, about 40-70% of total production cost for coal mines is 

constituted by material handling processes (Feng and Zhao 2010).  Therefore, the overall mine 

production performance including revenue obtained and costs incurred, highly depends on 

decisions made for the MHS.  More specifically, various decisions are made (e.g. hauler 

schedule, conveyor connections, blending recipe) in each shift to route coal in a way to satisfy 

the quality requirements of the coal from customers as well as to maximize productivity in 

tonnage.  However, finding the “optimal” or even good decision variable settings for complex 

MHS is very challenging.  Especially in large mines, there are nearly one hundred decision 

variables that need to be set.  Commercial software such as DISPATCH® are already available to 

handle such complex decision problems in mining.   DISPATCH® is based on linear 

programming and heuristic methods and used to dispatch trucks and shovels to satisfy customer 

requirements that are indicated through performance metrics such as desired dump rate and blend 

quality at dumping location (Alarie and Gamache 2002).  But a formal methodology is necessary 

for suggesting verified decisions including truck locks and conveyor flow routes before they are 

implemented in software like DISPATCH®.  These suggested decisions should be based on high 

level production goals such as quality delivered to customer trains and total trains filled in each 

shift.  Other than above-mentioned commercial software, mathematical programming-based 
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methods and discrete-event simulation can serve as suggestion methodologies.  However, those 

mathematical programming-based methods cannot capture the detailed randomness within the 

system or guarantee the accuracy of results since approximations are made in the formulation to 

estimate production, and consequently in the solution search procedures as well, for complex 

MHS.  Discrete-event simulation is a powerful decision evaluation tool as it is proven to be 

effective for capturing high degree of complexity and uncertainty inherent in MHS for carrying 

out what-if analysis (Hunt 1994).  As there is no detailed and formal suggestion mechanism 

available to the mining industry users currently, the use of simulation for what-if analyses is a 

much-needed support to their decision making in coal-routing. 

Typical simulation modeling and analysis involves various activities such as model 

development, debugging, verification, validation, and analysis (Law 2006).  Those activities are 

usually very time-consuming even for a simulation expert (Son et al. 2003a).  In coal mining 

industry, discrete-event simulation has been widely used to evaluate equipment scheduling 

decisions to increase production.  But for MHSs of coal mines, the above-mentioned, time-

consuming activities need to be repeated for modeling different systems (e.g. two different 

mines) with very similar MHS.  This is due to the lack of generic information models and 

libraries of different components of coal mines. In addition, whenever MHS changes such as 

changing the layout of conveyor belts or shifting crushers in the same mine, it is necessary to 

update, test, and re-validate the corresponding simulation model.  Hence, the conventional 

simulation modeling approach requires extensive expertise of simulation during the modeling 

phase but lacks flexibility when the MHS changes.  Thus, there is a need for a generic approach 

for automatically building simulation models of different MHS differing in scale or in number of 
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components.  To address above-mentioned issues, a data-driven modeling and simulation 

framework is proposed as part of this dissertation.   

The data-driven simulation model is defined in Pidd (1992) as the one that is designed to 

be applicable to systems with similar structures.  Compared with typical modeling approach, 

data-driven modeling approach guarantees low development cost and time since use and 

maintenance of software are independent of model development (Franz 1989).  In this 

framework, a formal information model is designed in UML class diagrams as the basis of 

simulation model generation procedures and input/output data table design.  In order to model 

the MHS in a formal way such that the framework can be reused by different developers, Petri 

net is selected in this dissertation as the formalism of modeling MHS.  Petri net is a directed 

bipartite graph which has two types of nodes called places and transitions (Proth and Xie 1996).  

As it possesses advantages (e.g. mathematical definition of execution semantics) in modeling and 

analysis of systems (see Peterson 1981; Girault and Valk 2003), model generation procedures are 

designed based on Petri net model to code automatic model generator (AMG) (for automatically 

generating a simulation model).  The proposed data-driven modeling and simulation framework 

is then demonstrated for one of the largest surface coal mines in the USA.  It can also be applied 

to most surface/underground coal mines around the world.  Besides, other types of mines (e.g. 

hard rock mines) with the similar MHS processes (will be discussed in Section 4.2) can employ 

the framework as well.   

 

1.2 Simulation-based Hierarchical Framework for Optimal Planning 

To maximize the revenue in each shift, a two-level hierarchical simulation-based 

planning framework is proposed.  A hierarchical planning framework is a useful tool for 
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reducing the decision space of complex problems.  It separates the problem into sub-problems at 

different levels of hierarchy, and these sub-problems are solved such that the lower level 

problems are constrained by the solution of the preceding higher level problem (Hax and Meal 

1975).  By applying this framework, more detailed information about the original problem via 

results of the sub-problems can be obtained (Vicens et al. 2001). Simulation-based optimization 

is a popular tool for optimization problems that require extensive modeling of the system and 

detailed modeling of resource constraints.  For solving job-shop scheduling problems (one of 

major problems for which simulation-based optimization was used), the disadvantages of 

simulation-based optimization are its slow convergence and difficulty in implementation of time-

related constraints when compared to mathematical programming based solvers (Klemmt et al. 

2009).  But since extensive modeling of the coal mine and its constraints is required to solve the 

problem using the proposed framework (see Section 5.1 and Section 5.2 for details), the 

simulation-based optimization approach is applied. 

The proposed simulation-based hierarchical framework for optimal planning was tested at 

the control center built at the Mining and Geological Engineering Department at the University 

of Arizona shown in Figures 1.1(a) and 1.1(b).  The control center has a number of screens and 

each of these screens is connected to a computer. The computers in the control center are 

connected to production servers at the mine and can retrieve live status of the mine machinery as 

well as past performance of the mine in raw data format.  The production servers were set up at 

the mine to track the movement of coal to the greatest level of detail. Mining engineers at the 

University of Arizona working on the related project have transformed the raw data into reports 

that are readily viewable by a user at the control center. The structure of the control center is 

similar to mine control centers at various large coal mines around the world, and one of its main 
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purposes is to facilitate testing of the framework.  It has been constructed to serve as a model 

control room for large surface mines around the world.   Another important purpose of this 

control room is to help the dispatcher at the mine to make informed decisions using current 

equipment status, summary reports as well as the simulator.  In this environment, the user 

friendliness of the simulator and applicability of its outputs in making real decisions have been 

tested.  The availability of multiple desktops with simulators and connectivity to data warehouses 

make this control room best suited for conducting tests using the simulator.   

The proposed data-driven simulator is already deployed at the mine under case study. The 

structure of the deployed framework at the mine is composed of the following three major 

objects currently: User interface in MS Excel, an extensive simulation model of the mine in 

Arena and an automated simulation model generating executable file.  More details of the 

development and functioning of the deployed framework will be discussed in Chapter 4.  

Through the user interface, the deployed framework can retrieve the current status of the mine 

and store it into series of pivot tables connected to production servers at the mine. The user can 

provide manual inputs via the User interface and perform what-if analyses tests to determine the 

best plan to load the current and future customer trains.  The operators in charge of scheduling 

the mine machinery to load customer trains are the users of the deployed framework at the mine. 

The series of interactions of the user with the deployed framework (see Figure 1.2) is described 

below:  

 

1. The user chooses to view the current status of the mine at any point during a shift. 

 

2. The data is displayed via pivot tables. 
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Figure 1.1(a): Control center at the University of Arizona 

 

 

Figure 1.1(b): Control center at the University of Arizona 
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Figure 1.2: Time sequence diagram of interactions during what-if analyses 

 

3. The user provides some manual inputs and performs these tests. The manual inputs are a 

collection of rules to schedule the machinery at the mine.  

 

4. The user schedules the mine machinery according to the manual inputs that have given 

the best performance.   

 

The main advantage of the deployed framework is that it provides a formal tool for 

production planning. The main challenge is that the users at the mine can afford very little time 
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to perform multiple tests and then implement the best schedule.  To address this challenge, the 

deployed framework has been embedded with mathematical model in OptQuest (optimization 

solver for Arena) that can maximize revenue in a shift, and deliver implementable solutions 

within short time when compared to time taken by what-if analyses to arrive at the schedule with 

maximize revenue.  

 

 In summary, the functions of the simulation-based hierarchical framework for optimal 

planning are given below: 

 

1. To read the status of the mine at the start of a shift through real-time data. 

 

2. To determine optimal machinery scheduling plans and train loading plans for 

maximizing the revenue of the mine in that shift based on its status. 

 

1.3 Robust Revenue Maximization for Improvement over Hierarchical Framework 

Stochastic programming and simulation-based optimization are two widely available 

approaches in the literature used to optimize a system under uncertainty.  There is a similarity 

between them in that both deal with uncertainties in the underlying parameters used to model the 

system to be optimized.  These uncertainties can be expressed either in the form of asymptotic 

distributions (i.e. parametric distributions) such as Gaussian or in the form of quantiles from an 

empirical distribution (i.e. nonparametric distributions).  But in addition to such uncertainties, 

simulation-based optimization also deals with non-closed form expressions as opposed to 

stochastic programming.  Since non-closed form expressions are more expensive to evaluate 
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when compared to closed-form expressions, advances in computer-based experiments were 

necessary for solving simulation-based optimization problems.  So, the simulation-based 

optimization methods have not been studied as much as deterministic mathematical 

programming methods or stochastic programming methods until computationally efficient 

simulation optimization software (e.g. OptQuest in Glover et al. (1996)) became more widely 

available.   

At present, three popular alternative approaches exist to solve simulation-based 

optimization problems based on whether the simulation model or its surrogate is used.  The first 

approach is based on off-the-shelf software commercial software such as OptQuest (based on 

search-based metaheuristics) or open source optimization codes such as industrial strength 

COMPASS (Hong and Nelson 2006).  The second approach uses custom methods applying 

general optimization techniques such as simultaneous perturbation stochastic approximation, 

whose codes may be written from scratch (Fu 1997).  The third approach is based on metamodel-

based simulation optimization using metamodeling techniques such as Response surface 

methodology (RSM), Kriging metamodeling (KM), regression analysis and Radial-basis 

functions, where one or more output measures in underlying simulation system are first 

represented as a meta models, and then are optimized via mathematical programming methods 

(Barton and Mechemeiser 2006).  When compared to metamodel-based simulation optimization, 

off-the-shelf software and custom simulation-optimization methods are directly linked to the 

simulation model and have no approximate closed-form functions for evaluating either objective 

functions or constraints of the optimization problem.  However, for optimization of large 

discrete-event simulation models, the use of metamodel-based simulation optimization decreases 

computational expense (i.e., replications) needed to evaluate confidence intervals of the objective 
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function.  But there is a challenge in optimizing the metamodel in a robust manner (i.e. obtaining 

optimum value with minimum variance).  Aleatory as well as epistemic types of uncertainties 

affect the estimated variance in revenue calculated by simulation.  One of the objectives of this 

dissertation is to reduce the error in estimation of output variance (variance of revenue) due to 

epistemic uncertainty using CRN and LHS.   

 

1.4 Goal Statement of this Dissertation 

The major goal of this dissertation is to design and develop a framework for a DSS that is 

composed of a) computer software: an automatically generated simulation model of the mine, 

optimization tool (commerical off-the-shelf OptQuest is used), metamodel of the simulation 

model; b) neutral component model: UML (Unified Modeling Language) and Petri-nets for 

automatic simulation model generation; c) users: mine personnel; and d) data storage equipment: 

sensors on equipment, database, for robust maximization of mine revenue.  The proposed 

framework is demonstrated using a case study of a large surface coal mine in North America.  

The scope considered in this dissertation is limited to revenue maximization without considering 

operating costs in the optimization problem such as fuel costs for trucks and shovels, and power 

consumption in operation dumps and other major equipment.  The reason is that for the case 

study the operating costs, such as fuel costs, incurred during a time-period given fixed total 

number of available trucks, shovels and dumps, don’t vary significantly across different truck 

dispatching strategies.  The routing/scheduling of trucks is also limited to allocating them to 

routes; these don’t change for the whole simulation run length (about 2 hrs. in our study).  This is 

because, not only changing truck allocations frequently within the simulation run may not be 

overly beneficial compared to when the truck allocations are constant throughout, but also 
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arriving at such strategies will be computationally very expensive due to the increase in number 

of possible allocations for each truck.   Also, as noted from visits to the real mine under case 

study, the truck allocations are the most predominantly applied decision variables among others.   

 

1.5 Objectives of this Dissertation 

The first objective is to develop a formal information model based on UML containing 

mine MHS information for automatically generating the simulation model, production 

information for simulation execution and output information for reporting.  A model generation 

procedure based on Petri-nets is to be developed to generate a simulation model based on the 

given instance of the information model.  

The second objective is to construct and test comprehensive discrete-event simulation 

models of a large coal mine in North America varying in number of shovels and trucks.  Arena® 

will be used for simulation modeling, MS SQL Server® 2008 and MS Excel® for specifying mine 

MHS and production status (simulation input) information.  The Petri-nets based simulation 

model generation procedure will be coded in VB6 as stand-alone software.    

The third objective is to develop an RSM-based metamodel of the data-driven simulation 

model.  Further, the obtained metamodel will be applied to obtain a closed-form expression for 

variance of revenue, which is the objective function.  This expression is to be later plugged into 

OptQuest (Glover et al. 1996) during optimization as a constraint with an upper bound.   

The fourth objective is to theoretically study the benefit of using LHS for sampling 

variance reduction when compared to random sampling for revenue maximization problems in 

mining.   
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The fifth objective is to theoretically demonstrate the effect of applying CRN in 

estimating the variance of the RSM-based metamodel expression.  This is accomplished for 

tractable two-point and k-point response surfaces.   Later, this effect is to be demonstrated for the 

realistic problem of revenue maximization for the considered mine.  

 

1.6 Organization of the Remainder of this Dissertation 

Major previous works available in the literature on important topics such as data-driven 

modeling and simulation, robust optimization are reviewed in Chapter 2.  The details of the large 

surface coal mine (case study) are presented in Chapter 3.  In Chapter 4, the data-driven 

modeling and simulation framework is discussed in detail.  As an application of data-driven 

simulation, a simulation-based framework is presented in the same chapter to address coal mine 

sustainability by helping choose coal routing variables that balance factors affecting 

sustainability.  Also, another application of this framework, specifically to hard rock mine 

similar in MHS to a surface coal mine, is presented to demonstrate its flexibility of application to 

other types of mines.  This framework is used to help determine optimum blast design for the 

hard rock mine.  A two-level hierarchical framework using the data-driven simulation model 

from Chapter 4, for maximizing revenue without considering its variance (hence, non-robust) is 

presented in Chapter 5.  In that chapter, Parallel Direct Search is also compared with OptQuest 

for reducing time taken to reach optimum from simulation-based optimization.  However, since 

variance of the revenue can be high even for the optimum value, a robust revenue maximization 

approach using RSM, CRN and LHS combined (main proposed simulation-optimization 

approach in this dissertation) is presented in Chapter 6.  Firstly, theoretical results are derived to 

demonstrate how CRN can help better estimate variance of revenue from tractable response 



 

36 
 

surfaces of simulation models.  Later, in the experiments using the metamodel of simulation 

model of the case study, the effectiveness of proposed approach over combined use of using 

OptQuest and random sampling alone is discussed.  The theoretical and application-oriented 

contributions from this dissertation are summarized in Chapter 7.   Possible future extensions to 

the work done in each chapter are also discussed.   
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CHAPTER 2 

2 LITERATURE REVIEW 

In this chapter, key topics identified for literature survey are: 1) discrete-event simulation 

applied to mining; 2) data-driven modeling and simulation; 3) two-level hierarchical simulation-

based planning; 4) revenue maximization problems at mines; 5) simulation metamodeling; 6) 

surveys on robust optimization have been presented.  At the end of this chapter, the key findings 

from the survey have been summarized. 

 

2.1 Discrete-Event Simulation of Material Handling Networks in Mining  

Analytical models and computer simulation can be applied to model surface and 

underground mines in order to obtain various mine system performance measures such as 

throughput and equipment utilization.  Within analytical models, queuing theory and 

mathematical programming have been very popular.  Queueing models of mines have been used 

to estimate system performance measures such as production (Koenigsberg 1958; Muduli et al. 

1996) as well as to evaluate different operating conditions such as number of trucks and shovels 

(Trivedi et al. 1999).  In addition to production as a measure, different alternative operating 

conditions can be evaluated based on equipment utilization, wait time and other system 

performance measures to choose the best alternative in a Queueing model of a real mine (Trivedi 

et al. 1999; Ercelebi 2009).  Queueing theory has also been used to mathematically model shovel 

throughput based on number of trucks assigned to it (Ta et al. 2010).   

Computer simulation packages in present times, on the other hand, can be used to not 

only evaluate system performance measures such as throughput, equipment utilization and queue 

statuses, but also provide the detailed statuses such as location of trucks in mine, tracking of ore 
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on conveyors, and visualization of the operations via animation.  Computer simulation has been 

applied in mining since the 1960s.  They apply the discrete-event simulation paradigm where the 

changes (events) in the system modeled occur at specific times in the simulation.  Other way to 

understand this is that only a limited number of events could be happening at any time in the 

simulation.  SPS (Rist 1961), GPSS (Harvey 1964) and Fortran (Bucklen et al. 1968) were the 

first used computer simulation languages in mining. A comprehensive review of software used in 

mine system simulation in the U.S. is provided in (Sturgul 1999). Lately, simulation packages 

such as Arena®, ProModel® and Simio® have become popular because they offer animation 

capabilities in addition to easy to use Graphical-user interfaces.  

In the past, discrete-event simulation has been used as a tool for analysis as well as 

decision-support in manufacturing supply chains.  Its applications have appeared in semi-

conductor and automotive industries.  But since crushing, storage and ore haulage processes in 

many surface mines resemble assembly/processing, inventory and haulage in the manufacturing 

supply chain, discrete-event simulation has been applied to model them in the past. The main 

output from such a model is the mean production achieved till a particular point in time along 

with confidence intervals.  Monte Carlo technique applied in discrete-event simulation is useful 

to estimate the mean of actual production at any point in the mine at a given time along with 

confidence intervals due to uncertainties such as variance in shovel loading times, truck haul and 

dumping times.  Other outputs such as means of equipment utilization, queueing time at shovels, 

crushers, time in stockpile or silos along with their respective confidence intervals can also be 

obtained.    

 

 



 

39 
 

 

2.2 Data-driven Modeling and Simulation 

The MHS in manufacturing and mining systems are similar in that they contain material 

processing, transportation and inventories operations.  In the past 20 years, applications of data-

driven simulation mainly have focused on MHS in manufacturing.  Various commercial 

simulation packages were employed to implement the models.  To name a few, a model based 

generic simulation model generator for manufacturing systems is described in Ozdemirel and 

Mackulak (1993).  The generator is designed using group technology classification scheme to 

create different model components as modules.  A conceptual framework for modeling a 

manufacturing system and the implementation of model in WITNESS® is discussed in Lee et al. 

(2000).  In that paper, machine-centered part routing graph and transport-tending part routing 

graph are converted from process plan to generate simulation model.  Formal and reusable 

information model for automatic generation of shop floor control system is proposed by Son and 

Wysk (2001) and Son et al. (2003a).  A systematic framework for the generation of simulation-

based shop floor control system is then proposed in Son et al. (2003b).  In that paper, an 

Automatic Execution Model Generator and Automatic Simulation Model Generator are 

developed to generate Message-based Part State Graph-based shop level execution model and 

Arena simulation model.  Various manufacturing systems such as Air Force Wing operation 

system (Brown and Powers 2000), home manufacturing system (Nasereddin et al. 2002), generic 

machine shop system (McLean et al. 2002) and automotive general assembly system (Wang et 

al. 2011) have been studied using data-driven simulation.  To extend automatic generation 

approach to system design stage, Computer-Aided Design (CAD) is integrated into 

manufacturing system simulation model generation by Kim et al. (2009) and Wy et al. (2011).  
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At the supply chain level, a data-driven simulation method in the design and performance 

improvement of aerospace sector supply chain, by using company data warehouse to generate 

and validate Arena simulation model, is implemented in Tannock et al. (2007).   

Different from the methods used in above reviewed literatures, combination of the 

following features incorporated in the proposed framework make it unique: 1) comprehensive 

formal information model is first designed for MHS of both surface/underground coal mines; 2) 

the simulation outputs are defined in the format that is used in mine data warehouse instead of 

default statistics outputs from simulation software; 3) users are given flexibility in changing the 

MHS decision variables during simulation run; 4) the framework has been validated against real 

historical data from one of the largest surface coal mines in the USA and can be used in mine 

equipment scheduling. 

 

2.3 Two-level Hierarchical Simulation-based Optimal Planning 

A two level hierarchical distributed simulation-based framework proposed to design a 

flexible supply chain in this dissertation is similar to the hierarchical production planning (HPP) 

framework that has been part of many efforts reported in literature to solve integrated planning 

and scheduling problems. The HPP framework has been applied for solving problems for supply 

chains with different configurations such as a single-product manufacturing enterprise 

(Venkateswaran et al. 2004), a realistic three-echelon supply chain (Son and Venkateswaran 

2007), multi-product, multi-machine environment (Qiu and Burch 1997) and a multi-product 

batch process environment (Omar and Teo 2007). In general, simulation-based optimization of a 

system is performed by treating its simulation model as a black box. The stochastic outputs of 

each simulation are used by external algorithm/software to arrive at the best configuration of the 
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system with respect to the defined objective and constraints. Dynamic optimization is performed 

by embedding optimization algorithms into its simulation model. These algorithms optimize 

some parameters with respect to the defined objective and constraints based on stochastic outputs 

obtained at frequent intervals of the simulation run.  

Since the simulation-based optimization results are obtained based on a stochastic model 

of system, they are more practical when compared to the results obtained based on a 

deterministic model of the same system. A discussion of simulation-based optimization 

algorithms can be found in (Glover et al. 1996) and (Tekin and Sabuncuoglu 2004). A list of 

simulation-based optimization software can be found in (Fu 2002). OptQuest and SimRunner are 

popular simulation-based optimization software. The performances of OptQuest and SimRunner 

in determining optimum operation schedules for manufacturing systems are compared in 

(Jafferali et al. 2005). It is found that OptQuest gives better results than SimRunner when there is 

no constraint on computational time. Inventory costs of an inventory management system are 

minimized using OptQuest with Arena and two other simulation-based optimization softwares in 

(Kleijnen and Wan 2007). It is found that OptQuest gives the best near optimal values. 

The train loading problem at the top level of the framework proposed in this dissertation 

in Chapter 5 is a blending problem. Linear and goal programming approaches have been used to 

solve the general blending problem. A goal programming approach is used to model and solve 

the coal blending problem to minimize the sum of absolute deviations of coal quality parameters 

and tonnage values from the target values in (Chanda and Dagdelen 1995). A chance constraint 

programming based approach is used to minimize the standard deviation in emissions from 

delivered coal considering the probabilistic nature of coal properties in the case study considered 

in (Shih and Frey 1995). The machinery scheduling problem can be classified as a stochastic 
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scheduling problem. The decision variables in the problem contain information on how to route 

the coal from pits to trains. An analytical approach to modeling the detailed flow of coal in the 

problem is very difficult. So building a simulation model of the system comprising the problem, 

and applying rules as decision variables to solve the problem is practical. For a popular list of 

scheduling rules the reader is referred to (Panwalker and Iskander 1977; Conway 1964). The 

rules developed in this work are very specific to the case study. 

 

2.4 Revenue Maximization Problems at Mines  

In Ta et al. (2005), a chance constraint-based stochastic optimization approach is applied 

to maximize revenue for mines.  Probability distributions were assumed for the uncertain 

parameters and the queue times were approximated in the expression to evaluation ore 

production over a period.   Their framework can be fitted into a real-time truck allocation system.  

While a closed-form approximation of the ore production rate may be required for solving a 

stochastic optimization program, with the increase in number of queues the approximation may 

lead to many errors.  So, applying simulation model of such complex systems for optimization is 

the only feasible alternative.  In Cetin (2004), different performance measures such as truck 

production, overall shovel and truck utilizations were applied to a simulation model of a mine 

developed using GPSS software.   Eight competing truck-dispatching strategies were compared.  

It was realized the size of the mine such as number of trucks and shovels impact these measures 

more than the dispatching strategies.  In this work, however, the main performance measure is 

revenue obtained itself and a simulation-optimization approach is applied since the number of 

different ways of dispatching trucks is huge in number.   
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In Alarie and Gamache (2002), the two main performance measures were increasing 

productivity and decreasing operating costs.  Different approaches for truck dispatching in open 

pit mines were reviewed.  The approach that is closest to the one applied in Chapter 5 is a multi-

stage approach for truck dispatching based on mathematical programming.  The initial stage 

would determine the production targets and the subsequent stage would allocate trucks to meet 

those targets.  But as the mine becomes complex in terms of number of trucks, shovels and 

dumps with uncertain operational parameters, closed-form approximations for production rates 

may not be accurate to be applied in mathematical programming.  Munirathinam and Yingling 

(1994) review different truck dispatching strategies to optimize productivity.  These strategies or 

rules however, have not been designed taking revenue obtained from blending as the objective.  

In such a case, while they may be effective in maximizing production the revenue may not be 

maximized.  Also, for shorter periods of time (~ 2 hours is the simulation run length) instead of 

dispatching rules, the individual truck allocations to shovels and dumps may need to be 

considered to achieve maximum revenue.  This is because these rules may not suitable to be 

effective in transient simulations.   

 

2.5 Simulation Metamodeling 

2.5.1 Response Surface Methodology 

A comprehensive review of metamodeling methods in simulation can be found in Cheng 

and Currie (2004) and Barton and Meckesheimer (2006).  The status and future directions in 

1999 in RSM have been detailed in Myers et al. (1999). It was found that applications of RSM 

were moving towards Generalized linear models (GLM), problems with multiple responses and 

non-parametric problems. It was suggested that designs should aim for robustness rather than 
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optimality while understanding the bounds of underlying randomness. Generalization of 

modified RSMs applied in different areas like biology and manufacturing were encouraged. 

Comparison of OptQuest with Brute-force, Perturbation analysis (PA) combined with Feasibility 

direction (Bashyam and Fu 1998) and modified RSM methods (Angun 2009) for solving (s,S) 

inventory management problem was performed in Kleijnen and Wan (2007). The resulting 

solutions were tested for optimality using KKT conditions. KKT conditions performed better 

with large random samples. PA and modified RSM methods had better efficiency at estimating 

gradients in terms of number of sample runs used.  

A Branch and Bound Kriging-RSM method is proposed in Davis and Ierapetritou (2009) 

to solve mixed integer non-convex programs with black-box functions and noisy variables. 

Branch and Bound is used to search the decision space. Optimization of the whole problem is 

performed through sequential response surfaces containing Kriging models of black-box 

functions. Successful convergence of the problem to the integer global optimal solution was 

demonstrated for process synthesis examples. A discussion regarding construction of response 

surfaces for non-linear multi model functions and development of respective global optimization 

algorithms can be found in Jones et al. (1998). In that paper, stress is laid on the need of 

algorithms to exploit the surface points where sampling can be minimized and where prediction 

error is high to improve approximation. 

For simulation optimization problems with non-integer inputs, stochastic objective and 

output constraints, a heuristic is designed by extending steepest descent from RSM in Angun 

(2009) using interior point affine scaling and projection methods. The black-box functions are 

approximated using first order polynomials. The aim is to reach desired neighborhood but not 

too closely. It is proved that the algorithm has a descent direction and is invariant with respect to 
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linear transformations. It is also shown to perform better than OptQuest in the test cases without 

generating infeasible iterates. 

 

2.5.2 Kriging and Bayesian Metamodeling 

A novel method for utilizing application specific information to obtain better results than 

those using Kriging prediction variance formula or fixed sample size procedure for Kriging 

metamodels (KM) is proposed in Kleijnen and Beers (2004). In this method, only the inputs with 

highest estimated output variance are tested. It follows a sequential fitting of the metamodel and 

is demonstrated using two deterministic simulation examples. A sequential statistical procedure 

to test first order KKT optimality conditions in expensive simulation optimization procedure is 

proposed in Bettonvil et al. (2009). The classical t-test applied to test whether input combination 

is feasible and if constraint is binding and bootstrapping to test estimating gradients in KKT 

conditions. Gaussian distributions were assumed and KM is applied to the simulation model. It is 

found from experiments that their power function increases as the point tested moves away from 

true optimum and at the true optimum Type I error is close to specified value. The use of 

Gaussian process models including KM for sequential fitting using computer experiments is 

dealt in detail among others in Santner et al.  (2003).   

Various subtopics in KM such as background, variance of predictor, one-shot and 

sequential designs were discussed in Kleijnen (2009a). Some of the suggested future research 

directions on this topic were applications to practical simulation models and multivariate 

response simulation, and need for asymptotic proofs for performance of sequential Kriging 

metamodels. In Kleijnen (2010), a heuristic for simulation optimization with integer inputs is 

proposed. Sequential experiment designs for specifying inputs were combined with Kriging 
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metamodel of the problem and optimized using integer non-linear programming. The proposed 

heuristic was found to require fewer simulated points than OptQuest for call-center and (s,S) 

inventory management problems. A heuristic with a framework for customization for optimizing 

simulation models was proposed in Beers and Kleijnen (2008). It utilized KM with bootstrapping 

technique to select inputs not yet simulated but have highest estimated variance. This was done 

to reduce number of iterations in the optimization procedure. This heuristic was shown to have 

fewer prediction errors than fixed sample LHS designs.   

It is proved that the classic Kriging variance estimation formula is wrong since its actual 

expected value is underestimated, in Den Hertog et al. (2006). A parametric bootstrapping 

method for estimating variance is proposed and shown to perform better than the classical 

formula on several test cases. These estimates affect quality of Kriging model, selection of new 

input design points to obtaina better Kriging model as well as global optimum of a simulation 

model. A Sequential kriging optimization (SKO) method is applied for global optimization of 

black-box functions along with Expected Improvement method in Huang et al. (2006). It is 

compared with DIRECT search, revised simplex search and simultaneous perturbation stochastic 

approximation techniques on six simple bound constrained test problems. It is shown to have 

good consistent and efficiency in finding global optima. The performed of the SKO method 

seemed to deteriorate with decreasing sample sizes.   

Concepts in Bayesian metamodels (BMs) and their implementation procedures for 

improving fitting and prediction processes in discrete-event simulation modeling such as input 

uncertainty modeling and RSM are discussed in Chick (2004). Likelihood function is useful in 

case of more sampling data. Asymptotic approximations for solutions are suggested when the 

exact optimal solutions are unknown. Exploration of Gaussian random functions (GRFs), which 



 

47 
 

are good for deterministic simulation, for stochastic simulations was suggested. Sequential 

Bayesian design of fitting is considered for optimization in Williams et al. (2000) using modified 

expected improvement algorithm. The objective considered is from a manufacturing setting 

which is a function of control variables and noise (environmental variables) governed by a 

distribution. Correlations from Matern class were estimated using maximin distance LHS as 

initial experimental design.  

 

2.5.3 Linear and Non-Linear Regression Metamodels 

A sequential least-squares metamodeling procedure was described in Tunali and Batmaz 

(2000). In it, a first-order metamodel is estimated using a two-level factorial design and then is 

augmented with central composite design metamodel if curvature is detected. A metamodel of a 

time-shared computer system simulation model is used for case study. Residual analysis and tests 

such as normality test, variance homogeneity test and lack-of-fit tests were applied to check the 

validity of least-squares regression assumptions. A cross-validation test procedure is generalized 

to decrease the large number of non-convex regressions required for validation test of 

metamodels in Santos and Nova (2007). The proposed test is used along with standard regression 

diagnostics like residual analysis. The M/M/1 queuing example is used for case study. Scheffe-

type confidence intervals were also derived. Genetic programming is utilized to perform 

symbolic regression metamodeling of simulation models of buffer allocation problem in serial 

production lines in Can and Heavey (2011). Its performance on different space-filling designs as 

well as custom random sampling method is analyzed in terms of accuracy and complexity of 

constructed metamodels. It was found to reach to a high level of accuracy with a low 

computational budget. A general discussion regarding replacement of different building blocks 
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of a simulation model with the appropriate metamodel is given in Reis dos Santos and Isable 

Reis dos Santos (2009). A validation test for the metamodel-based simulation model is proposed 

based on a simulation-model validation test. It is demonstrated using a message routing and 

processing example, which had a fourth degrees polynomial regression metamodel.   

Challenges in other types of metamodels such as inverse function metamodels in the 

context of achieving design variables where process/product performance target values are 

known are discussed in Barton (2005). These challenges include invertibility, invertibility maps, 

simulation forward and inverse procedures in metamodeling. Linear regression method 

bootstrap-percentile method, the delta method and the generalized Wald Statistic are combined 

for deriving KKT first-order necessary optimality conditions for simulation optimization 

problems in Angun and Kleijnen (2012).  Second-order regression metamodels are assumed to 

sufficiently represent the simulation model for the derivation. This method is tested on (s,S) 

inventory management problem. It was found that although the performance of the method was 

encouraging the Type I error at optimum exceeded its nominal value. This method may be used 

in future simulation optimizations.  

 

2.6 Surveys on Robust Optimization 

Robust simulation optimization has been studied in Ramberg et al. (1991) discussing how 

means of responses can be obtained while achieving the lowest variance.  Similar work plus 

discussion of a loss function can be found in Sanchez (2000). In addition, RSM for simulation 

models and the use of optimization formulations with loss functions with RSMs for selection of 

the most robust configuration were discussed. Papers published on the robust design in contexts 

of mathematical programming, deterministic non-convex optimization, direct search methods 
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such as Stochastic Approximation and Evolutionary Computation have been reviewed in Beyer 

and Sendhoff (2007). Performance aspects and test scenarios for direct robust optimization 

techniques were discussed. The state and advances between 2007-2012 in the field of robust 

optimization has been discussed in Gabrel et al. (2012). Specifically, 100 Papers published on 

robust optimization between 2007-2012 were reviewed. The subtopic of robust optimization 

include static robust optimization, multi-stage decision making, stochastic optimization, non-

convex optimization Applications of robust optimization to finance, revenue management, 

production inventory and management, project selection and management, energy systems, 

queuing networks and stochastic systems, machine learning and statistics were also reviewed.  

Taguchi, Response Model, 27-3Dual Response, LHS Dual Response Surface, Stochastic 

Emulator I approaches to achieve piston cycle time close to target value with minimal standard 

deviation have been compared in Bates et al. (2006). It was found that Dual RSM that used small 

random samples gave lowest performance in terms of standard deviation.  Using a case study of 

multidisciplinary sequential design of a passenger aircraft, four types of design concepts are 

compared in Kalsi et al. (2001). Combination of Type I and Type II design is found to reduce 

noise and enable flexible design. As a consequence, the number of iterations to be undertaken to 

ensure robustness in the whole aircraft were reduced. Robust designs for multidisciplinary and 

multiscale applications in materials design to minimize three types of uncertainties are discussed 

in Allen et al. (2006). These uncertainties include, noise, uncertainty in control variables and 

design variables, uncertainty introduced by modeling methods. Challenges arising from such 

application of robust design are also explained.  

Errors arising from system model form, numerical solution approximation and reliability 

analysis approximation are included in a Reliability-based design optimization (RBDO) 
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procedure in Mahadevan and Rebba (2006). The procedure is demonstrated using numerical 

examples solved by nested loop RBDO. Inclusion of system reliability constraints and system 

reliability approximations were identified as extensions of the research. 

 

2.6.1 Linear Programming and Non-Linear Programming 

In Mulvey (1995), a general framework for robust optimization (RO) is proposed using 

Goal programming formulation combined with scenario-based description of problem data.  It 

was found to outperform stochastic linear programming models on several real world 

optimization applications with noisy data. Because of computationally expensive nature of RO 

resulting from complex equations parallel and distributed algorithms for computation are 

proposed to be useful for its implementation. In Bai (1997), RO model that incorporates a 

concave utility function in the objective is compared with stochastic linear programs for two test 

cases. The first one is routing demands in a telecommunications network where survivability of 

network traffic in the face of network element failures is important and the second one is an 

investment model.  It was proven that the linear programs neither maybe adequate nor easier to 

solve compared to RO models.  

A theoretical exposition on the robust counterpart of linear programming problem with 

uncertainty set described by arbitrary norm is presented in Bertsimas (2004a). The output 

variances of inputs are probabilistically quantified based on the distributions of the uncertain 

parameters. Linear programming formulation is transformed to probabilistically quantify the 

constraint violations at input in Bertsimas (2004b). This is done to vary the level of 

conservativeness in applying solutions from optimization problems suiting the level of 

uncertainty in the current environment. This approach was tested on example problems including 
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the portfolio optimization problem, knapsack problem and problems from NETLIB library. It 

was noted that changes in objective values decreased for a fixed probability constraint violation 

when the number of uncertain coefficients increased. This leads to believe this method is useful 

when the numbers of uncertain coefficients are large. 

In Beyer and Sendhoof (2006a) a class of test functions named Functions with noise-

induced multimodality (FNIM) is introduced for testing evolutionary solution procedures for 

robustness. Motivations for introducing these test functions are low dimensionality and synthetic 

nature of previous test functions. Discussions on what robustness could indicate have been made. 

Asymptotic analysis is performed on some of these FNIMs for suggesting population size and 

truncation ratio for satisfying certain criteria of robustness. A general local search algorithm for 

optimizing unconstrained problems based on non-convex cost function is proposed in Bertsimas 

et al. (2010). The algorithm iteratively searches for low cost designs and then updates the current 

design starting with the neighborhood of the initial design to accomplish robustness. 

Experiments were performed on an artificial non-convex problem and an actual electromagnetic 

scattering design problem with 100 dimensional design space. Robust local minima were found 

in both cases.   

An adaptive inverse multi-objective robust evolutionary design algorithm (IMORE) was 

proposed in Lim et al (2006) to solve design optimization problems. IMORE used a priori 

information of the desired robustness of the design to converge to the solution. The step-size for 

the search bound was adapted for each nested optimization problem. A general structure is 

assumed for the uncertainty. Experiments were performed on test functions and shown that 

IMORE converged to their true Pareto fronts. Two evolutionary strategies were proposed for 

robust optimization under a defined actuator noise in Beyer and Sendhoff (2006b). The proposed 
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strategies were modified forms of mutative evolutionary strategy sigma-SA-ES and cumulative 

step-size adaptation CSA-ES respectively.  The difference lied in embedding a population size 

control rule during the optimization that on test cases demonstrated that the modified strategies 

outperformed the originals.  

A general framework for robust optimization in a non-convex setting with inequality and 

equality constraints is proposed in Zhang (2007). The success of the formulation lied in the 

specification of values for the desired parameters since the solution lied in its neighborhood. The 

assumptions are that desired parameter values can be fairly estimated and that uncertain 

variations are moderate.  

 

2.6.2 Simulation-based Robust Optimization 

A simulation-based multi-criteria optimization methodology to solve parametric design problems 

in production systems in a synergetic manner is proposed in Al-Aomar (2002). A genetic 

algorithm module is integrated with simulation model, Robustness Module and an Entropy 

Module. The last module is used to handle optimization decisions based on multiple and often 

conflicting objectives in absence of tradeoff information by utilizing a Multi-attribute utility 

function (MAUF).  Employing distributions and applying LHS for noise factors, RSM for 

metamodeling and a mathematical programming model for minimizing variance the output a 

simulation-based optimization procedure is proposed in Dellino et al. (2009) and Dellino et al. 

(2010).  This method is demonstrated through a deterministic economic order quantity (EOQ) 

model. The mathematical programming model is used to minimize the expected simulation 

output such that standard deviation doesn’t exceed a threshold. Bootstrapping is used to predict 

expected mean and standard deviation of outputs. The effect of CRN on stochastic Kriging based 



 

53 
 

simulation optimization is analyzed in Chen et al. (2012) and it is shown that CRN has a 

detrimental effect on Kriging by being less precise in prediction of response surface by inflating 

the MSE. The benefits of including CRN include better estimation of slope parameters and 

superior gradient estimation compared to independent simulation. It was also found that a strong 

spatial correlation counteracted the effects of CRN on mean squared error inflation. Statistical 

designs of experiments in simulation-based optimization were reviewed in Kleijnen (2009b). 

Treating simulation model as a black-box function, designs such as Resolution-III, Resolution-

IV, Resolution-V, and LHS were prescribed for particular metamodels. These metamodels were 

first and second order polynomials, two factor interactions and KM. Sequential bifurcation 

procedure was described to screen factors. Uncontrollable (environmental variables) and 

controllable factors (control variables) are considered for design of uniformly distribution 

experiments in a healthcare setting in Dehlendorff et al. (2011). This methodology was shown to 

be applicable to designs with 2 to 19 uncontrollable factors. Compared to a crossed design, the 

effects of uncontrollable factors were significantly better estimated. It was noted that 

uncontrollable factor space was better covered using a top-down approach.  

 

2.7 Conclusions from Literature Survey 

Many important conclusions were drawn based on the literature survey.  According to the 

best of our knowledge, three broad research opportunities were noted and they became 

motivations for research in this dissertation. First, data-driven modeling and simulation has been 

applied to MHS in manufacturing but not in mining thus far.  While material flows in 

manufacturing as well as mining MHSs have common equipment such as storages and 

conveyors, other equipment such as shovels and crushers are found only in mining MHS.  
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However, since mining MHS are as complex as those of manufacturing, the expenditure and time 

savings due to automated model generation of mines are significant.  This became a motivation 

for proposing data-driven modeling and simulation framework of mining MHS in this 

dissertation.  Second, blending problems for large surface coal mines with objective to maximize 

revenue using detailed simulation models have not been pursued thus far in the literature.  The 

discrete-event simulation models of the MHS of mines enable calculation of coal produced till a 

point in time while considering stochastic truck travel times and loading times, without much 

approximation, as compared to mathematical models.  This means that the optimum from 

simulation-based optimization of such models is more practicable than those delivered by 

mathematical programming.   Also, running such simulations requires detailed real data, which 

was available for the research in this dissertation.  Third, in the context of RSM-based simulation 

optimization approach proposed in Chapter 6 of this dissertation, this is the first application to 

discrete-event simulation models having both reducible (epistemic) and irreducible (aleatory) 

uncertainties (as compared to RSM-based simulation optimization application to random 

simulation in Dellino et al. (2010)).  There has been a lot of work in the literature where the 

effects of applying CRN for pseudo-random generators during linear regression metamodeling of 

simulations have been studied.  Specifically, CRN has been shown to adversely affect estimation 

of the intercept while helping better estimate trend coefficients of the regression model.  

However, thus far the effect of CRN on estimating variance of responses from metamodel of a 

simulation model, which are functions of the trend coefficients, has been not studied.  Also, thus 

far the estimated variance expression involving CRN has not been utilized as a constraint for 

simulation-optimization in general (hence, to revenue maximization in mining as well).   
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CHAPTER 3 

3 SURFACE COAL MINE CASE STUDY 

3.1 Case Study 

In this dissertation, a case study of one of the largest surface coal mines in the world is 

considered.  The details of the coal mine are explained in this section. The mine is active 

throughout each day and a normal day at the mine is divided into two shifts. Over 350000 tons of 

coal is produced from different pits or repositories of coal, and transported to customers via 

trains. Each loaded train is worth more than a $100,000 dollars. The coal mine can increase its 

revenue by delivering coal to more of its customers each day. Losses are incurred if the average 

quality of coal delivered does not meet the customer specifications.   

The different major equipment in the mine are trucks, shovels, dumps otherwise known 

as hoppers or crushers, conveyors, silos, loadouts and trains. At any point in time there are 

between 3-8 shovels, 15-40 trucks and 2-4 crushers active in the mine. Trucks are sent to various 

pits where they are loaded with coal by excavators or shovels. The trucks and shovels are 

operated by human operators. After the trucks finish loading, they are sent to coal dumps known 

as hoppers where they unload the coal. Here, coal is unloaded into bins of capacity 250 tons that 

feed the coal to crushers. After dumping coal into crushers they are routed back to shovels for 

next loading cycle. The crushed coal is transported via conveyors from hoppers to silos. The 

times taken by a shovel to load a truck per ton of coal, by a truck to dump a ton of coal into 

hoppers by trucks, and for trucks to travel from shovels to hoppers and hoppers to shovels are 

stochastic in nature.  Gates are located at the intersections of different conveyors, and at the 

top/bottom ends of silos to control coal flow direction.  Silos are huge storages for coal; there are 

six silos in the mine, five of which have capacity of about 14000 tons and the sixth one has 
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capacity of 45000 tons.  Coal is dumped into silos from the top and loaded out from the bottom 

by following FIFO rule.  Coal from different pits get mixed in the silos.  Coal in these silos is 

transported to loadouts via conveyors, where customer trains are loaded. At the loadouts, coal 

from the conveyors is thoroughly mixed and loaded into trains. There are two loadouts that load 

the trains; each loadout can only load one train at a given time.  Trains are assigned to a specific 

loadout after arriving at mine.  An average of 10-12 trains get loaded at each loadout each day, 

and it takes about 2 hours to complete loading a train at each loadout. The MHS and various 

processes involved at the mine from excavation of coal till delivery of coal to customer are 

illustrated in Figure 3.1. There are four levels in it and each level represents a stage in the 

production of coal as mentioned above. Unit rectangular blocks represent processing of coal, and 

unit inverted triangle blocks represent bins for storage for coal. The transportation processes of 

coal, denoted by arrows, represent the flows of coal from shovels to hoppers via trucks, from 

hoppers to silos and from silos to load-outs via conveyors.   

There are operators known as fleet managers who control important decision variables 

that impact the loading of trains at the mine. They perform this action using fleet management 

software. The fleet manager schedules the components by varying the decision variables that are 

available in fleet management software, and this software is connected to the control software 

that operates the components at the mine. These decision variables are pit and hopper locks, 

shovel priorities, shovel utilization, hopper utilization, hopper-silo connections and silo blend 

values. The decision variables in fleet management software can be classified into two 

categories. The first category is the linear program (LP) inputs and second category is direct 

inputs. The decision variables belonging to the first category are for a set of proprietary LPs used 

in fleet management software to determine the schedules of the trucks in the real mine. Shovel 
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priorities, shovel utilization and hopper utilization belong to this category. Pit and hopper locks, 

hopper-silo connections and silo blend values belong to direct inputs category (Figure 3.2).  

Assign Truck Operators, Assign Shovels to Pits are two other direct inputs that are not frequently 

changed during the loading of a train.   

 

 

Figure 3.1: Overview of MHS and processes in the coal mine 

 

Figure 3.2 illustrates the use cases involving the use of direct inputs in the fleet 

management software.  Fleet managers, truck operators and the following equipments/machinery 

at the coalmine- trucks, shovels, hoppers, silos and conveyors are represented as “actors”.  Route 

Trucks, Assign Truck Operators, Assign Shovels to Pits, Set Hopper-Silo Connections and Set 

Silo Blend Values are represented as “use cases”, each of which involves decision variables 

available as options in the fleet management software.  The pit and hopper lock assigned to each 

truck are their coal loading and unloading points respectively. The coal unloaded onto a hopper 
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will be transported to a silo according to the corresponding set value of hopper-silo connections. 

The amount of coal to be drawn from each silo and transported via conveyors to loadouts to load 

a train is determined by silo blend values. The amount to be drawn from a silo is expressed as a 

percentage out of the total capacity of a train.  Assign Truck Operators involves choosing the 

number of trucks to use from the list of trucks that are active and available, and then assigning 

specific operators to chosen trucks.  Assign Shovels to Pits option involves assigning specific 

shovels to pits that are active and available.   

Shovel priorities, shovel utilization and hopper utilization are not considered because of 

two reasons.  The first reason is that based on historical data about the performance of fleet 

managers, the decision variables in the fleet management software that are not considered are 

very infrequently used at the real mine by the fleet managers when compared to those considered 

in this chapter. The second reason is that any reengineered set of LPs that use above-mentioned 

inputs is unlikely to function precisely as the real set in the fleet management software leading to 

errors in validation of the proposed framework.  

A precise structure of the coal mine containing shovels, trucks, crushers, conveyors, silos, 

loadouts and customer trains along with the exact connections between different equipment, 

especially involving conveyors is illustrated in Figure 3.3.  The quality of coal is typically 

measured using three metrics. They are BTU (British Thermal Unit), ash (quantity of ash in parts 

per million) and sodium (quantity of sodium in parts per million). An example of quality of coal 

specified by a customer is shown in Table 3.1. The customer specifies the coal quality within 

upper, lower and reject bounds using the three metrics mentioned above. Additional metrics such 

as sulfur and moisture may be used to measure coal quality. Typically a customer chooses among 

the available list of metrics and then specifies the coal quality within the chosen metrics. The 
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choice of metrics depends on the nature of utilization of coal and the end-product of the 

customer. For example, a power generation plant would mainly specify the required coal quality 

using BTU and sulfur; sulfur content in coal is specified to potentially limit the amount of sulfur 

dioxide that can be let out in the atmosphere as a byproduct by the power generation plant, that 

in turn cause acid rains. But in this chapter only BTU, ash and sodium are considered.  

 

   

Figure 3.2: Use case diagram showing the use of direct inputs in fleet management software 

 

The framework proposed can be extended to include the additional metrics and then 

obtain results that provide insights into their quantities delivered to customers. The mine obtains 

premiums on its revenue if the quality of coal delivered is greater than the upper bound quality 

for BTU, and lower than the lower bound quality for ash and sodium specified by the customer. 

It incurs penalty if the quality of coal delivered is lower than lower bound quality for BTU, and 

higher than upper bound quality for ash and sodium specified by the customer (Table 3.1). If the 
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quality of coal delivered to a customer is deemed unusable based on the customer specified 

limits known as reject bounds for BTU, ash and sodium, then the mine doesn’t obtain any 

revenue for that delivered coal.   

 

 

Figure 3.3: Processes and coal flow direction 

 

The fleet manager has to set the decision variables to load each train to maximize the 

revenue of the mine within five constraints at the mine. The operational constraints are given 

below:  

 

1. There are a limited number of trucks available to the fleet manager. 

 



 

61 
 

2. The quality of the delivered coal has to meet minimum specifications to avoid 

rejection.  

 

3. The amount of coal shoveled from a pit has to be within the specifications of mine 

plan.  

 

4. If coal is drawn simultaneously from different silos to load a particular train then 

it has to be drawn in such a way that the resultant quality of the coal on any given 

length of a conveyor going to a loadout loading that train should be the same.  

 

5. The total idle time in loading a train has to be minimized. 

 

    Table 3.1: Example upper bound quality, lower bound quality, premium, penalties and rejects 

Customer Specifications Premium Penalty Reject 

BTU: Upper bound=8800; 

Lower bound=8725; Reject=8525 

≥8800 (8525, 8725) ≤8525 

Ash: Reject=4.8; Upper 

bound=4.49; Lower bound=4.36 

≤4.36 (4.49, 4.8) ≥4.8 

Sodium: Reject=2.38; Upper 

bound=2.01;  Lower bound=1.85 

≤1.85 (2.01, 2.38) ≥2.38 

 

The mine plan is devised for every shift and is released before the beginning of a shift. In 

it is specified the maximum amount of coal that can be shoveled from each pit in the soon to 
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follow shift. There are pits at the mine with varying qualities of coal and the purpose of mine 

plan is to avoid emptying of coal from any pit. This way the mine will have enough coal to mix 

and load the future trains. The purpose of constraint in point (4) above is to ensure that the 

quality of coal delivered is homogenous throughout all the cars of a train. Idle time while loading 

trains mainly occurs because the maximum rate at which coal can be transported via conveyors 

from silos and loaded onto trains (23000 tones per hour) is greater than the maximum rate at 

which coal can be dropped into silos (17000 tones per hour).  

 

3.2 Overview of Data Warehouse 

In this section, at first a brief background is provided on the structure of the data 

warehouse needed for the framework (Figure 3.4). There are sensors installed on various 

machineries like trucks, shovels, hoppers, silos, trains etc., in the coal mine to record their real-

time statuses. The information from these sensors is transformed and stored in production 

servers. But the information in the production servers is still in raw unusable form for the 

framework. Therefore a number of extract, transform and load (ETL) procedures are performed 

until the data becomes readily usable by the framework. Two intermediate servers and a number 

of databases within them are used to perform the ETL procedures. The final usable data is 

readable via user interface developed in spreadsheet software such as Microsoft Excel.  This 

interface can help summarize the information to present it in form of graphs and plots.  And 

these graphs and plots can be used by fleet managers for monitoring and planning the material 

handling operations.  Specifying a datetime and activating stored procedures in Intermediate 

server can obtain the data corresponding to a specific datetime and store it in User Interface. The 
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data can as well be used for simulation provided the simulation model has been built for the 

mine.  

 

 

Figure 3.4: General data flow from sensors to ready-to-use database for analysis 
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CHAPTER 4 

4 DATA-DRIVEN MODELING AND SIMULATION 

In this chapter, a data-driven modeling and simulation framework is developed for MHS 

of coal mines to automatically generate a discrete-event simulation model based on current MHS 

structural and operational data.  To this end, a formal information model based on UML is first 

developed to provide MHS structural information for simulation model generation, production 

information for simulation execution, and output requirement information for defining 

simulation outputs.  Then, Petri net-based model generation procedures are designed and used to 

automatically generate a simulation model in Arena® based on the simulation inputs conforming 

to the constructed information model.  The proposed framework has been demonstrated that the 

framework can be used to effectively generate the simulation models that precisely represent 

MHS of coal mines, and then be used to support various decisions in coal mining such as 

equipment scheduling.   

The reminder of the chapter is structured as follows.  An overview of the framework is 

presented in Section 4.1.  In Section 4.2, structure of MHS processes of coal mines are specified, 

and a formal information model corresponding to the specifications is discussed in Section 4.3.  

Then, Petri net-based simulation model generation procedures for coding automatic model 

generation (AMG) are discussed in Section 4.4.  Model verification and validation procedures 

are presented in Section 4.5; an overview of the data warehouse for the framework as an 

extension of the discussion in Section 3.2 is presented in Section 4.6.  The proposed framework 

is then demonstrated for the mine under case study in Section 4.7.  In addition, solutions to 

improve simulation speed are also discussed based on the modeling experience during this 

research for the considered case study in the same section.  In Section 4.8, an application of data-
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driven simulators in surface coal mine sustainability is presented.  As an application of data-

driven simulators towards modeling other type of mines, the data-driven simulation-based 

framework is proposed in Section 4.9 for determining the optimum blast design in hard rock 

mines.  Conclusions are drawn for the work discussed in this chapter in Section 4.10. 

 

4.1 Overview of Data-driven Modeling and Simulation Framework 

The data-driven modeling and simulation framework proposed in this chapter contains 

four main stages for its realization: 1) Develop information model; 2) Code AMG; 3) Generate 

generic simulation model automatically; 4) Perform what-if analysis as shown in Figure 4.1.  In 

the first stage (Section 4.3), information model is developed to describe the information 

requirements for construction/execution of simulation model and data format for constructing 

simulation input/output data tables.  This modeling procedure depends on the simulation 

objectives (e.g. detail level of modeling the activities in the system and output data 

requirements), MHS structure and processes (Section 4.2) described in system specification file.  

The developed information model needs to be validated and proved generic for the target MHS 

structure.  In the second stage (Section 4.4), simulation model generation procedures are 

designed and coded in AMG for automatic model generation based on the information model and 

connections among MHS processes described in system specification file.  In the third stage, a 

generic discrete-event simulation model is automatically generated by executing AMG and using 

an instance of simulation inputs.  In the fourth stage, users define decision variable settings to 

perform what-if analysis using the generated simulation model and corresponding simulation 

inputs.  During simulation execution, simulation outputs are published into database. Then the 

outputs from different simulation runs are extracted and presented to users (e.g. via pivot chart in 
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MS Excel) after categorized by processes ranging from coal excavation (e.g. tonnage of coal 

loaded/ crushed) to loading customer transports (e.g. tonnage/ quality of coal loaded for 

customer transports).  Users find the outputs that best fit the objective (e.g. revenue or resource 

utilization) and select the corresponding decision variable settings for each equipment.  For 

example of hauler dispatch decision variables, users may choose the setting that satisfies the 

production target but gives the shortest queue times.  For blending decision variables, users may 

implement the setting that gives the coal quality achieving the highest revenue.   

 

Develop information model Code AMG
Generate generic simulation 

model automatically

Perform what-if 

analysis

GenerateLEGEND Use

DES model

(Arena .doe file)

Best decision 

variable setting

Information model

(UML class diagrams)

System specification 

files

User defined decision 

variable settingsSimulation

inputs

Simulation

outputs

AMG

(Visual Basic .exe file)

 

Figure 4.1: Data-driven modeling and simulation framework 

 

4.2 System Specification 

4.2.1 Components, Processes and Flows in Surface and Underground Coal Mines 

Mining techniques can be divided into two common excavation types: surface mining and 

sub-surface (underground) mining (Hartmann 2002).  The major components of MHS existing in 

surface and underground coal mines around the world are depicted in Figure 4.2.  The 

components in the surface coal mine are pit, shovel, bin, truck, conveyor, stockpile, train and 

ship (Munirathinam and Yingling 1994; Ataeepour and Baafi 1999; Cetin 2004).  The 
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components in underground coal mine are stope, scoop tram, truck, conveyor, chute, bin, 

stockpile, train and ship (Runciman, Vagenas and Corkal 1997; Frimpong and Whiting 1995; 

Hoare and Willis 1992).  They are assumed to constitute the exhaustive list of components that 

are to be available for what-if analysis simulation of any coal mine. 

The general sequences of major MHS processes in surface and underground coal mines 

are also depicted in Figure 4.2.  Processes happening at a fixed location are depicted via 

rectangles.  Coal haulage processes such as transfer from shovel to truck or truck hauls are 

depicted via blocked arrows.  Coal inventories are depicted via cylinders.  In actual surface coal 

mines, the processes in sequence followed are excavation from pits via shovels, loading into coal 

bin, crushing, loading onto customer train or ship. In underground coal mines, the processes in 

sequence are excavation from stope via loaders, loading into coal bin, crushing and loading onto 

customer train or ship.  These sequences are basic for their respective mine types.  Coal haulage 

and inventory processes are depicted right below the basic sequences.  For surface mines, coal 

haulage process comprises the transfer of coal across a distance either via trucks or conveyors 

and unloading onto coal bin, or train, or ship.  For underground mines, coal haulage process 

comprises the transfer of coal across a distance either via trucks, or conveyors, or chutes, or 

locomotive fleet, and unloading either onto coal bin, or train, or ship.  For both surface and 

underground mines, inventory process comprises the storage of coal in bins or stockpiles, and 

unloading either onto another coal bin, or train, or ship.  One or more of coal haulage and 

inventory processes can be inserted into dashed lines (-----) shown in Figure 4.2 to increase the 

length of the sequences.  Therefore, the major processes of MHS can be summarized as coal 

excavation, loading, haulage, dumping, crushing, storage, and loading out. 
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Figure 4.2: MHS components, processes and coal flow in surface and underground mines 

 

4.2.2 Classes for Programming of Components of MHS 

Classes are constructed to enable the accurate depiction of the components of MHS as 

objects for the purpose of developing information model and simulation model generation 

procedures.  They are grouped and classified as static and dynamic objects depending on whether 

they are mobile or immobile as shown in Figures 4.3(a) and (b).   

Static Objects class is considered as generalization of Pit/Stope, Bin and Route classes as 

shown in Figure 4.3(a).  Pit/Stope class is assigned to simulate both pits and stopes because they 

represent the source of coal in surface and underground mines respectively.   

Dynamic Objects class is considered as generalization of Scoop Tram, Shovel, Truck, 

Ship, Train/Locomotive Fleet, Conveyor/Feeder/Reclaimer, Crusher and Coal classes as shown 

in Figure 4.3(b).  The flow of coal via feeders into stockpiles and then out of stockpile via 

reclaimer is similar to flow of coal via conveyors into bins, and from bins onto conveyors.  So 

feeder and reclaimer objects that are used in conjunction with stockpile objects are represented in 

Conveyor/Feeder/Reclaimer classes along with conveyor objects.  Five attributes (Quality Metric 
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1 to Quality Metric 5) are used in this chapter to specify the quality of coal object.  But the 

number of quality attributes may be increased to accommodate for more metrics, if any. 

 

 

Figure 4.3 (a): Static objects class for programming of immobile components in simulation 

 

 

Figure 4.3 (b): Dynamic objects class for programming of mobile components in the simulation 
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4.3 Information Models 

UML is a general-purpose visual modeling language that is used to specify, visualize, 

construct, and document the artifacts of software system (Rumbaugh et al. 1999), and UML class 

diagrams can model objects in terms of their attributes and operations.  Therefore, UML class 

diagrams are suitable to provide information describing the key properties of objects within the 

MHS processes via class attributes and operations.  The top level of the information model is 

depicted in Figure 4.4 (a), and three of the classes in the top-level model at detailed level are 

depicted in Figures 4.4  (b), 4.5 (a) and (b) separately. 

In the top-level model, 6 classes are designed.  Simulation Data (S) class is a composition 

of Live Input (L), Object Input (O), Production Output (P), Header Information (H) and 

Experiment Input (E) classes.  Decision variables used to route coal are provided by Live Input.  

The attributes that are not decision variables and activities of static/dynamic objects are 

described by Object Input. The simulation output requirements such as operation related time 

stamps are described by Production Output.  Introductory information of the model (e.g. 

developer name) is contained in Header Information.  Moreover, simulation settings (e.g. 

simulation time unit) are provided by Experiment Input.  The relationships among classes can be 

denoted as shown in Equation (4.1). 

 

S L O P H E                                            Eq.(4.1) 

 

Live Input class is aggregated by Scenario (SN), Gate Control Schedule (GCS), Crusher 

Schedule (CS), Hauler Schedule (HLS), Loader Schedule (LS), Inventory Content (IC) and 

Customer Transport Loading Schedule (CTLS) classes as described in Equation (4.2) and Figure 
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4(b).  Information about the date/time of data for simulation is provided by Scenario class.  The 

detailed decision variables for gates (e.g. storage equipment in-flow gate), crushers, haulers, 

loaders, storages and customer transports are specified by the attributes of the rest 5 classes.  

 

 

Figure 4.4 (a): Top level information model 

 

 

Figure 4.4 (b): Live input class 

 

                        CTLSICLSHLSCSGCSSNL                            Eq.(4.2) 
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As shown in Figure 4.5(a), Object Input class is a composition of Coal Source (CLS), 

Dump Site (DS), Coal Processing System (CPS), Haulage System (HS), Coal (CL) and Haulage 

Route (HR) classes.  Coal source related attributes (e.g. quality) are described by Coal Source.  

The working location for crushing equipment is described by Dump Site.  Coal Processing 

System class is aggregated by Loader (LD), Crushing Equipment (CE), Storage Equipment (SE) 

and Loadout (LO) classes.  Haulage System class is aggregated by Hauler (HL), Conveyor (CV) 

and Customer Transportation (CT) classes.  The tonnage and quality of coal objects, and their 

activities is described by Coal class.  Haulage route of each combination of load and dump 

locations is described in Haulage Route class for providing route length information.  The Object 

Input class can be described in Equation (4.3). 

 

 

Figure 4.5 (a): Object input class 
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HRCLHSCPSDSCLSO  , where LOSECELDCPS  ,

CTCVHLHS    and { , }ijHR HR i loadLocation j dumpLocation                               

  Eq.(4.3) 

 

 

Figure 4.5 (b): Production output class 

 

Production Output class is aggregated by Hauler Cycle Data (HCD), Conveyor Flow 

Data (CFD), Dump Transaction Data (DTD), Storage Content Data (SCD), Loadout Content 

Data (LCD), Loaded Container Data (LDCD), Loaded Customer Transport Data (LCTD), 

Customer Transport Loading Data (CTLD) and Simulation Run (SR) classes as described in 



 

74 
 

Equation (4.4) and Figure 4.5(b).  Identifier of each simulation run, user information, simulation 

start/end time, and simulation duration are provided by Simulation Run class.  The hauler and 

loader production statistics for each hauler routing cycle are provided by Hauler Cycle Data 

class.  Similarly, the types of production output for other equipment are specified respectively. 

 

             
SRCTLDLCTDLDCDLCDSCDDTDCFDHCDP       Eq.(4.4) 

 

4.4 Automatic Model Generation Procedures 

For developing automatic model generation procedures embedded in AMG, 4-tuple Petri 

net is used to model the MHS processes and the dynamic activities of objects in each process.  

Similar to flow charts, UML state charts and networks, Petri net can be used to visually describe 

processes within the systems.  Different from other formalisms, Petri net is able to model the 

dynamic and concurrent activities of systems via Tokens.  Besides being used as a graphical 

modeling tool, Petri net is also used to implement mathematical study in systems via 

state/algebraic equations (Peterson 1981).  In 4-tuple timed Petri net N= (P, T, F, V), P is a finite 

set of states, called Places; T is a finite set of Transitions, and 0 DT T T  , where T0 is the set of 

immediate transitions and TD is the set of timed transitions; F is a set of Arcs; V is a set of 

lifetime sequences related with TD, where )()( PTTPF  .  For the MHS, objects defined 

in the Object Input class (e.g. Figure 4.6(a)) are represented as Tokens.  The start/end of each 

process (e.g. Figure 4.2) and seize/release-related operations of Object Input class (e.g. 

loaderSize/loaderRelease) are represented by T0, and other operations are represented by TD. 
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4.4.1 Dynamic Objects and Attributes Generation 

As shown in Figures 4.3(b) and 4.5(a), Coal, Loader, Customer Transport and Hauler 

classes are designed to describe dynamic objects of MHS.  Each type of dynamic object is 

represented via Tokens in Petri nets and implemented as Entities in the simulation model.  The 

attributes of Object Input and Production Output classes (e.g. loaderID and contract) are 

implemented in the simulation model as Attributes of Entity, since they are associated with each 

individual object.  The decision variables (e.g. gate statuses) defined in Live Input class should 

be accessible and changeable by both external programs and Entities in the model during 

simulation.  Therefore, Variables are used to implement attributes of Live Input class.  

 

4.4.2 Conveyor Haulage Process Generation 

In the conveyor haulage process illustrated in Figure 4.6(a), the coal object waits for idle 

conveyor resource in the beginning.  When the resource becomes idle, the coal object seizes it 

(e.g. convSeize operation of Coal class) to trigger t2 or t3 and is loaded onto conveyor to start 

haulage (e.g. coalRouting operation of Conveyor class) by triggering t4 or t5.  Once the haulage 

completes, the coal object is unloaded from conveyor and releases the resource (e.g. convRelease 

operation of Coal class).  The implementation of detailed generation procedures for Arena 

simulation software is referred to Meng et al. (2012). 

 

4.4.3 Coal Excavation/Loading Process Generation 

In coal excavation/loading process illustrated in Figure 4.6(b), the hauler object waits for 

and then seizes an idle loader object (e.g. loaderSeize operation of Hauler class) by triggering t2. 

After being seized by the hauler object, loader object goes to excavation (e.g. excavation 
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operation of Loader class) via t3, and hauler object starts to spot. The loader object comes back 

with one bucket of coal from excavation and starts to load the hauler object (e.g. coalLoading 

operation of Loader class) via t4.  If the hauler object becomes full after being loaded, it releases 

the loader object (e.g. loaderRelease operation of Hauler class) and finishes loading process by 

triggering t5; otherwise, it goes back to spot, and the loader object goes to excavation again by 

triggering t6.   
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Figure 4.6 (a): Conveyor haulage process 
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Figure 4.6 (b): Coal excavation/loading process  
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Figure 4.6 (c): Storage process 
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Figure 4.6 (d): Coal dumping/crushing process 
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Figure 4.6 (e): Coal loading out process 
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4.4.4 Haulage Process Generation 

In haulage process, hauler object hauls along one route and leaves it when arriving at the 

destination.  The traffic congestion is not considered in this process since it does not occur often 

or affect the performance of the MHS. 

   

4.4.5 Storage Process Generation 

In the storage process illustrated in Figure 4.6(c), the coal object waits for and then seizes 

the idle storage in-flow gate resource (e.g. gateSeize operations of Coal class) to trigger t2.  Then 

the same tonnage of inventory as the size of coal object is continuously added (e.g. addInventory 

operations of Storage Equipment class) into storage via t4.  To this end, the coal object is kept in 

storage until it is loaded out.  To be loaded out, the coal object seizes the idle out-flow gate 

resource to trigger t4, and the same inventory as the size of coal object is removed (e.g. 

removeInventory operations of Storage Equipment class) continuously via t5.  When the 

removing completes, the coal object releases the out-flow gate resource (e.g. gateRelease 

operations of Coal class) and leaves for the next process.  

 

4.4.6 Coal Dumping /Crushing Process Generation 

In the coal dumping/crushing process illustrated in Figure 4.6(d), hauler object waits for 

and then seizes (e.g. crusherSeize operation of Hauler class) the idle crushing equipment 

resource to trigger t2.  Then the hauler object starts to dump (e.g. dumping operation of Hauler 

class) via t3, and a coal object whose size is as same as the capacity of the hauler object is 

dumped out and crushed (e.g. coalCrushing operation of Crushing Equipment class) via t4.  Once 
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the hauler object completes dumping, it releases the crushing equipment object resource (e.g. 

crusherRelease operation of Hauler class) and leaves for the next process.  After crushing 

completes, the coal object leaves for the next process as well.   

 

4.4.7 Coal Loading Out Process Generation 

In the coal loading out process illustrated in Figure 4.6(e), the customer transport object 

waits for and then seizes the idle loadout resource (e.g. loadoutSeize operations of Customer 

Transport class) to trigger t2.  When a coal object arrives, the customer transport object starts 

being loaded (e.g. feedingTransport operations of Loadout class) via t4.  After the same tonnage 

as the size of coal object being continuously loaded onto customer transport object and the 

customer transport object is full, the customer transport object releases the loadout object 

resource (e.g. loadoutRelease operations of Customer Transport class) by triggering t6 and 

leaves; otherwise, the customer transport object waits for the next coal object coming again by 

triggering t5.   

 

4.5 Model Verification and Validation 

Verification is the process of ensuring that the model design (conceptual model) is 

transformed into a computer model with sufficient accuracy (Robinson 2004).  Verification of a 

data-driven modeling and simulation is more critical than of traditional ones since errors will be 

accumulated through information modeling, implementation of database and detailed simulation 

coding, leading to incapability of the method.  The following methods were used to ensure the 

confidence in the modeling stage: 1) Real world elements (e.g. haulers) being modeled via 

object-oriented design reduced complexity and the chance of committing mistakes; 2) By using 
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animation, entity movement was tracked in the model to ensure entities reflect the real world.  

For example, the movements of hauler, loader, train and coal entities were tracked to ensure the 

model logic confirms the real production sequence; 3) performing model-checking feature 

provided in Arena® to ensure the logic and structural correctness of modules; 4) Detailed 

checking and debugging in the code was performed step by step. It helped to write comments for 

small chunks of code describing their actions for the purpose of improving readability; 5) models 

were checked event by event during short simulation runs and what-if analysis was performed to 

study the behavior of the model under the extreme conditions. 

Validation is the process of ensuring that the model is sufficiently accurate for the 

purpose at hand (Robinson 2004).  In other words this procedure is performed to know whether 

the simulation model is an accurate representation of the considered system (Tannock 2007).  It 

is suggested that techniques used during verification, can also be used during model validation 

Carson (2004).  The techniques that were followed in this chapter are: 1) checking the conceptual 

structure of the model, and inviting experts on target system to review the model; 2) using real 

historical data in the mine’s database to run the simulation model for the validity of simulation 

inputs; 3) checking animation to ensure it is the same format as the real world; 4) testing 

different configurations in the model and especially in the extreme cases (e.g. only one active 

truck/shovel/crusher); 5) comparing several instances of simulation outputs with real historical 

data via paired-t test.   

 

4.6 Data Warehouse for Automated Modeling and Simulation 

The proposed framework is demonstrated for the surface coal mine under case study.  

MHS structural data and real-time production data, which are collected from sensors located on 
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various mining equipment is used to generate and validate the simulation model.  The proposed 

framework has been developed and is being tested in a mining control center built at the Mining 

and Geological Engineering Department at The University of Arizona displayed in Chapter 1.  In 

the mine, decision makers called truck fleet managers decide the values of decision variables 

during each shift, and implement those values in fleet management software.  The main objective 

for this mine is to route coal from pits to each train such that the total revenue obtained over a 

given shift is maximized within the MHS constraints.  The data warehouse structure situated and 

currently in operation at the real mine used as case study is depicted in Figure 4.7.  The data 

sources of simulation inputs are located in 3 different servers located at the mine and an 

Enterprise Resource Planning (ERP) Webpage.  Central simulation database which contains both 

input and output tables is constructed in one mine server so that multiple fleet managers can 

access simulation inputs/outputs simultaneously.  Simulation input tables are populated 

automatically at constant intervals by running SQL Server Agent jobs so that real-time 

simulation inputs can be remotely retrieved into user interface illustrated in Figure 4.8 on any 

computer having access to the central simulation database within 30 seconds.  From the user 

interface located in the same computer, AMG and simulation model read inputs for model 

generation and execution.  All the data needed for simulation is read from User Interface at start 

and each time the simulator is resumed after pause.  During simulation execution, outputs are 

published to local simulation database that has the same output table structure as central 

simulation database.  After each simulation run, simulation outputs stored in local database are 

retrieved into user interface for analysis and transferred to central simulation database as well to 

enable comparison of results with simulation runs from different computers.  The reason for 

constructing both central and local simulation databases will be discussed in Section 4.7.3. 
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Figure 4.7: Structure of data warehouse for simulation and data flow 

 

4.7 Experiments on Data-driven Modeling and Simulation Framework 

AMG is coded in Visual Basic language and used in an executable format (.exe) to 

generate simulation model.  The overview of the simulation model in which different 

components of MHS are shown in different background boxes is depicted in Figure 4.9.  A set of 

blocks represent shovels and pits, and another represent dumps as shown; trucks are represented 

by entities.  A number of variables and attributes have been created to store the following data: 

shovel loading rate, coal quality at pits, full haul time between a shovel and dump for trucks, 

empty haul time between a dump and shovel for trucks, and truck dumping rates. When the 

simulator is activated, the first step is to read these data from User Interface and store in 

variables.  There are no sub-model blocks used within the simulation model, since it is 

convenient for users to view the animated statuses of different blocks in the same interface.   
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Figure 4.8: User interface 

 

4.7.1 Simulation Model Validation 

The simulation experiments were conducted using historical production data to generate 

outputs to further validate the model.  Historical production data for 3 shifts (12 hours per shift) 

were retrieved to estimate the behavior of real system. Each shift was run 11 hours (about 1 hour 

of lunch time during the shift is excluded) in the simulation model by 10 replications.  To 

determine statistical significance between two set of data (simulation outputs and historical data), 

a paired-t test with 95% confidence was used.  The null hypothesis of equality of the results is 

tested against inequality alternative hypothesis: 

H0:  𝜇𝑠 = 𝜇ℎ 

H1:  𝜇𝑠 ≠ 𝜇ℎ 
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Table 4.1: Comparison of truck production based on the paired-t difference 

Experiment 1 2 3 4 5 6 7 8 9 10 

Sim. outputs 617 554 556 603 429 587 613 576 528 396 

Historical data 644 528 528 610 418 550 644 536 518 415 

 Mean 

Std. 

Dev. 

CI t Stat 

P(T<=t) two-

tail 

t Critical 

Sim. outputs 545.9 72.1 [501, 591] 

0.805 0.442 2.262 

Historical data 539.1 76.3 [491, 586] 

 

The results of paired-t test for truck productions are presented in Table 4.1.  The results 

indicate that the null hypothesis is not rejected with a confidence of 95%, since t Stat< t Critical 

and P(T<=t)>0.05.  Therefore, the simulation model can be assumed as an accurate 

representation of the real MHS of the coal mine.  

 

4.7.2 Experiments on What-if Analysis 

To show the capability of what-if analysis, 3 experiments were conducted for 3 sets of 

decision variables categorized in Table 4.2 as well as for 1 shift using the initial pit information 

and silo contents specified in Table 4.3.  Other than all the detailed decision variables, only those 

differing between configurations are specified in Table 4.4.  
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 Figure 4.9: Overview of simulation model 

 

Table 4.2: Decision variables for what-if analysis 

Equipment Truck Shovel 

Decision 

variable 
Status 

Loading 

location 

Dumping 

location 

Full haul 

speed 

Empty haul 

speed 
Status 

Loading 

rate 

Equipment Crusher Silo 

Conveyors  

(Crusher- 

silo) 

Conveyors 

(Silo-

loadout) 

Train Loadout 

Decision 

variable 
Status 

Crushing 

rate 

Exiting 

flow rate 
Flow rate Flow rate Loadout Status 
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Table 4.3: Pit information and silo contents 

Pit name Shovel ID BTU/lb Ash (%) Sodium (%) Sulfur (%) Moisture (%) 

NEF117 156 8775 4.85 2.00 0.22 27.6 

NWF1151 103 8825 4.50 1.75 0.21 27.3 

OEF86 152 8550 4.70 2.45 0.21 29.0 

PTF635 105 8475 4.70 2.5 0.24 29.3 

RWU136 372 8675 4.90 1.7 0.24 27.9 

Silo ID Total Tons BTU/lb Ash (%) Sodium (%) Sulfur (%) Moisture (%) 

Silo 1 6094 8792 4.59 1.77 0.22 27.43 

Silo 2 4680 8825 4.70 1.65 0.25 27.00 

Silo 3 4399 8788 4.67 1.74 0.23 27.32 

Silo 4 1898 8562 4.67 2.36 0.23 28.54 

Silo 5 2144 8589 4.66 2.31 0.23 28.39 

Silo 6 46 8775 4.60 2.00 0.22 27.40 

 

The performance of part of mining equipment used in 3 tested decision variable settings 

in terms of tonnage loaded at pits, crusher crushed tonnage, truck queue times at pits/crushers, 

and tonnage and average BTU of coal loaded on to trains are shown in Figure 4.10 (a) to (f). The 

total loaded tonnage at each pit (i.e. loading location) and crushed tonnage at each crusher (i.e. 

dumping location) are depicted in Figure 4.10 (a) and (b).  It is shown that as the lager number of 

trucks is assigned to pits or crushers (e.g. comparing pit NWF1151 with OEF86 or crusher C-2 

ROC with C-3 IN in setting 1), the larger loaded or crushed tonnage results. However in Figures 

4.10(c) and (d), it is also shown that the truck queue times at pits/crushers to which more trucks 
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are assigned are longer.  It indicates that using more trucks can lead to more production but 

longer queue time and lower the utilization of trucks as well.  In Figures 10(e) and (f), the 

tonnage loaded into each customer train and the average quality in term of BTU are depicted. 

Since the same initial contents in the silos were used to load trains under the identical blending 

conveyor decision variables, the first 3 trains with ShipmentsID of 120732 to 120734 were 

loaded with very similar quality for the 3 settings.  After the initial contents were consumed, the 

following trains (e.g. ShipmentsID of 120735 to 120737) were loaded with different quality due 

to pits of different qualities were used in the 3 settings.  Besides, the tonnage loaded into a 

specific train differed between settings due to the stochastic feature of simulation model.  

 

Table 4.4: Values of 3 decision variable settings tested in what-if analysis 

Setting 1 

loading/ 

dumping locations 

NWF1151/ 

C-3 IN 

PTF635/ 

C-2 ROC 

OEF86/ 

C-2 ROC 

RWU136/ 

C-4 MID 

No. of trucks locked 8 7 6 5 

Setting 2 

loading/ 

dumping locations 

NEF117/ 

C-3 IN 

PTF635/ 

C-2 ROC 

OEF86/ 

C-2 ROC 

RWU136/ 

C-4 MID 

No. of trucks locked 6 7 6 5 

Setting 3 

loading/ 

dumping locations 

PTF635/ 

C-2 ROC 

OEF86/ 

C-2 ROC 

RWU136/ 

C-4 MID 

 

No. of trucks locked 7 6 5  

 

The what-if analysis results help the fleet manager set the decision variables listed in 

Table 4.2 for real production. First, fleet manager may use the tonnage results depicted in Figure 
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4.10(a) and (b) to decide the number of trucks, shovels and crushers will be used by setting 

Status (e.g. active/inactive), Full haul speed and Empty haul speed for trucks, Status and Loading 

rate for shovels, and Status and Crushing rate for crushers in order to achieve certain amount of 

production.  Second, according to the quality of coal loaded into each train depicted in Figure 

4.10(e) and truck queue times in Figure 4.10(c), fleet manager can set the truck Loading 

location, silo Exiting flow rate and Flow rate of blending conveyors in order to load the trains 

with profitable coal quality.  Third, using the tonnage results indicated in Figure 4.10(f) and 

truck queue times in Figure 4.10(d), fleet manager is able to decide truck Dumping location and 

Flow rate of conveyors (crusher-silo) to achieve the tonnage required by customer trains.  

Fourth, the fleet manager can use total trains loaded depicted in Figure 4.10(f) to decide the 

number of active loadouts and assignment of coming trains to those loadouts via setting Status of 

loadouts and Loadout for each train. 

 

 

Figure 4.10 (a): Tonnage loaded at pits 
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Figure 4.10 (b): Tonnage crushed at crushers 

  

 

Figure 4.10 (c): Truck queue times at pits 
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Figure 4.10 (d): Truck queue times at crushers 

 

4.7.3 Experiments and Discussions on Simulation Speed Improvement  

Simulation speed considered in this chapter is related with simulation inputs loading 

time, simulation model generation time and simulation execution time.  This is a major issue 

encountered during incorporating simulation for decision support for the studied coal mine.  The 

simulation speed should be high enough to conduct several rounds of what-if analysis within 

limited time available to fleet managers (which is about 15-20 minutes for fleet managers 

working at the real mine used as case study).   

This issue becomes a constraint on usability when the size of simulation model and 

interactions between applications such as tables in data warehouse and simulation model 

increase.  The major causes of slow speed of simulation and corresponding solutions are 

discussed in detail in this section. 
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Figure 4.10 (e): Average BTU loaded into trains 

 

 

Figure 4.10 (f): Tonnage loaded into trains 

 

Efforts to detecting the causes of simulation speed issues and finding solutions had begun 

in Nageshwaraniyer et al. (2011) while developing previous framework using typical simulation 

modeling approach.  The size of the coal entity in the simulation model determines the 

accuracies of important results such as time at which a silo was full or empty and time at which a 

train was full.  The accuracies of these results are of importance to the fleet managers.  But from 
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the model building exercise it was observed that keeping the size of coal entity in order of 1 ton 

or lesser than a ton reduces the speed of the simulation model significantly. There were two other 

issues with the initial simulation model that reduced the speed of the simulation model, and they 

are 1) frequent interaction of Arena with Excel user interface and SQL, and 2) blocks in the 

simulation model that were included to display detailed simulation and animation of conveyors 

(ACCESS and CONVEY blocks), and obtain very detailed performance results of the mine 

components such as verifying that the conveyors were not blocked and time stamping of the 

exact times at which silos were empty or silos/trains were full (SCAN block).  So, experiments 

were conducted with an aim to best achieve a reasonable speed for testing by fleet managers 

while maintaining precision in results.   

 

Table 4.5: Summary of experiments to improve simulation speed  

Experiment item 
Speed improvement with respect 

to initial simulation model 

Increasing entity size (or reducing the total number 

of entities) 

Increased speed approximately 

1004.45±3.00 times 

Reducing the number of polling (SCAN) blocks Approximately 3.04±0.08 times 

Replacing ACCESS and CONVEY blocks with 

ROUTE and STATION blocks 

Increased speed approximately 

1008.4±5.5  times 

At simulation initialization, reducing the number of 

interactions with Excel user interface for reading 

trucks’ inputs from 45 to 1 

Increased the speed approximately 

25.6±0.5 times 

 

The results from fifty trials for each experiment item are summarized in Table 4.5. Each 

experiment was performed after making sure there were no other major applications running, and 

on a system with the following configuration: Windows XP, 1 GB RAM and 2.0 GHz Intel Core 

Duo processor. The speed improvement numbers are relative to the speed of the initial model. A 
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list of suggestions that can be followed for simulation model construction of MHS of large coal 

mines is given in Table 4.6. 

 

Table 4.6: Suggestions for construction of simulation model of very large MHS in coal mining 

User 

requirements 
Example scenario 

Suggestion in favor of increasing 

simulation speed 

Important events 

have to be time 

stamped 

Accuracy of time stamping of 

coal inventories becoming 

empty/full 

Frequent polling of when a coal 

inventory has become empty/full  

can be avoided 

Current level of coal inventory 

Entity size can be kept just below 

the allowed variance of the 

inventory level output 

Conveyor flow 

has to be 

simulated 

Coal flow between two 

locations in the mine that are 

connected via conveyors 

If frequent tracking of conveyors is 

not required then blocks simulating 

the movement of a coal entity along 

each unit of length of conveyor as an 

event should not be used 

Simulation to be 

performed using 

inputs from 

external data 

warehouse 

Statuses and process times of 

MHS components to be read 

from data warehouse 

All input data has to be read in the 

smallest number of interactions with 

external data warehouse and stored 

in global variables in simulation 

software 

 

Some causes identified in Nageshwaraniyer et al. (2011) are summarized as follows: 1) 

small size of coal entity leading to large number of events in the event calendar; 2) frequently 

reading inputs from user interface and simulation input tables during simulation run; 3) detailed 

simulation and animation of conveyors (Access and Convey MODULEs).  Besides causes 

mentioned above, other causes were identified during implementation of the proposed 

framework.  It is observed that running stored procedures to obtain simulation inputs usually 

takes more than 20 minutes, which is unacceptable for real-time decision making in operational 

level.  The cause is that stored procedures used for fetching simulation input source data from 

different servers and databases are executed in sequence, and some executions take more than 
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two minutes.  The other observation is that publishing outputs during simulation run to central 

simulation database makes simulation speed slower than real time.  The cause is that the 

simulation database is located in the data warehouse located remotely at the mine and fleet 

manager’s computer can only access it via company virtual private network (VPN).  To solve the 

speed issues, 4 new rules were followed:  

 

 All the simulation inputs are loaded into user interface before simulation model 

generation.  In this way, AMG/simulation model obtain inputs locally. 

 

 To reduce simulation inputs retrieve time, stored procedures are run automatically as 

SQL Server Agent jobs at constant frequency.  The frequency can be set as one per 

minute such that the latest simulation inputs are available at all times.  

 

 For simulation run, all the simulation inputs are stored as attributes in one ENTITY in 

Arena simulation model, and that ENTITY provides required information for the entire 

simulation.  Therefore, interaction is made with user interface only for reading in data at 

the start of simulation and whenever decision variables need to be changed.  

 

 Local simulation database is used for storing simulation outputs whereby interactions 

with central simulation database during simulation run are avoided.  All the simulation 

outputs are transferred to central simulation database on daily basis automatically.  This 

data transfer procedure can also be triggered manually anytime. 
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These rules have been applied in the implementation of the framework proposed in this chapter 

without losing much accuracy of simulation outputs as is desired by the fleet managers.  To 

illustrate the simulation speed improvement, 10 rounds of comparisons were conducted, under 

the same mine configuration, with the previous framework discussed in Nageshwaraniyer et al. 

(2011).  The computer configuration includes 1) Windows 7 Professional operation system, 2) 

2.83GHz CUP and 3) 8GB RAM.  The comparison results depicted in Table 4.7 show the 

improvement of simulation speed over that of previous framework. 

As shown in Table 4.7, the simulation inputs loading time for the proposed framework is 

reduced to 1/50 of that for previous framework.  Simulation initialization time (the time 

simulation model takes to read inputs) for the proposed framework is reduced to about 15 

seconds from more than 40 seconds for the previous framework.  The simulation model 

generated by proposed framework usually takes less than 2 minutes of real time to simulate 12 

hours, which do not include the time spent on pausing simulation and changing decision 

variables in the user interface while user intervention is needed (e.g. a silo is full/empty).  The 

previous framework usually takes nearly 3 minutes real time to simulation 5 minutes, which do 

not include user intervention time as described above. Since simulating 12 hours using previous 

framework would take hours, only 5 minutes were simulated for each experiment to illustrate 

speed improvement.  From the above comparison, the simulation speed has been improved 

significantly in the proposed framework indicating it can be used for real-time decision support. 
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Table 4.7: Simulation time comparison (Time unit: second) 

Exp. 

No. 

Inputs Loading 

Time 

Initialization Time 

Simulation Run 

Time 

Model 

Generation Time 

F1 F2 Diff. F1 F2 Diff. 

F1 

5 minutes 

F2 

12 hours 

F2 

1 1652 33 1619 44 15 29 177 114 34 

2 1498 34 1464 42 15 27 162 119 35 

3 1771 36 1735 45 16 29 169 124 35 

4 1636 32 1604 45 15 30 176 123 35 

5 1452 28 1424 40 14 26 180 118 34 

6 1566 29 1537 43 15 28 166 127 35 

7 1793 33 1760 44 15 29 170 125 35 

8 1744 30 1714 46 14 32 171 121 34 

9 1569 31 1538 46 15 31 165 125 35 

10 1873 31 1842 44 14 30 173 128 34 

Mean 1655.4 31.7  43.9 14.8  170.9 122.4 34.6 

SD 137.23 2.40  1.85 0.63  5.70 4.38 0.52 

Alpha 0.05 0.05  0.05 0.05  0.05 0.05 0.05 

CI  85.05 1.49  1.15 0.39  3.54 2.71 0.32 

F1-previous framework; F2-proposed framework; SD-standard deviation; CI-confidence interval 
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4.8 Application of Data-driven Simulation in Addressing Coalmine Sustainability 

Industries have become conscious and are being increasingly encouraged by government 

to conduct their business conforming to the widely accepted standards of sustainable operations.  

Sustainability according to the outcomes of United Nations World Summit (2005) is composed 

of three dimensions: economic, social and environmental.  By taking this classification of 

sustainability, in this section a simulation-based framework is proposed that can help perform 

what-if analyses to obtain desired outputs from MHS operations (revenue, ash, accident rate 

etc.,) encompassing all three dimensions.   

Material handling operations at a coal mine have to be conducted such that they favorably 

impact its sustainability and that of the external world.  So, the objective in this section is to 

develop a simulation-based framework for surface coal mines that would help in choosing good 

values for decision variables for material handling operations considering major sustainability 

factors.  The decision variables are applied to route coal and deliver pre-specified quality to 

customer trains with objective of maximizing revenue.  The attributes proposed above are termed 

as factors (i.e. those affecting sustainability) for use in the framework. The major sustainability 

factors considered are air emissions, ash sodium, sulfur, revenue and safety (truck accident rate).  

Taguchi-based design of experiments (DOE) procedure is utilized along with simulation model 

of material handling network, and real-time information from data warehouse located remotely at 

the coal mine, to formulate regression models between the decision variables and sustainability 

factors.  The decision variables that significantly affect the sustainability factors are identified.  It 

is indicated via experiments that the simulation-based framework can be applied to similar coal 

mines. 
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The rest of the section is organized as follows: A brief survey of literature on key topics 

related to work in this section is provided in Section 4.8.1.  These topics are: sustainability at 

strategic and operational levels; framework for decision support; DOE applied to multi-criteria 

problem.  In Section 4.8.2, firstly, based on the case study, different factors resulting from 

operations are classified into environmental, social and economic dimensions of sustainability.  

The decision variables and responses that figure in the DOE are described via two equations in 

Section 4.8.3.  Then, the framework, components and the activity inside the proposed simulation-

based framework are described in Section 4.8.4.  In Section 4.8.5, experiments performed to 

demonstrate the capability of the simulation-based framework are described.   

 

4.8.1 Background  

4.8.1.1 Definition of Sustainability 

Sustainability goals and objectives have been differently defined by many organizations 

(Litman 2011).  The environmental, economic and social dimensions of sustainability, as defined 

by U.N., are widely adopted in literature.  Another popular definition of sustainable development 

is the assumption of responsibility of conserving resources to meet the needs of current as well as 

future generations.  Sustainable development is the development that should meet the needs of 

the present without compromising the ability of future generations to meet their own need 

(Oxford University Press 1987).  The concept of sustainability is seen by many researchers as an 

idea to pursue in order to attack the possible limitation of the economic growth due to the 

increasing environmental load caused by the human community on the nature (Tomiyama 2001).  

In the context of coal mining, the over mining of coal is to be curtailed to store non-renewable 

energy for future generations and to minimize the detrimental effects of the coal mining 
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operations on the resources surrounding coal mine (air, water, land and vegetation) that are 

important for living.  Cumulative impacts arising from multiple coal mining operations in 

Australia, and the management and assessment approaches used to mitigate negative or enhance 

positive impacts on the environment is investigated in (Franks 2008).  These approaches from 

working examples included: project based cumulative assessment, information and data sharing, 

mitigation and enhancement programs, collective monitoring among others.  It is found that 

proactive management and assessment has the potential to benefit regional environments.  

However, as these approaches are conceptual and new, their actual utilities on the cumulative 

impacts on the environment can only be judged in the future.  A generic framework for 

indicators of sustainable development of the individual companies within the mining and 

minerals industries and that whole sector, through performance assessment and improvement, is 

proposed in (Azpagic 2004).  The indicators are developed for metallic, construction and 

industrial minerals sub-sectors and for some of the energy minerals like coal.  A simplified 

framework of indicators is needed for small-to-medium size mining companies.  Also, since the 

suggested strategies are considered part of long-term planning and the details of its day to day 

implementations are not known, it is difficult to assess the causes of improvements.  In literature, 

there is need for efforts to deal with sustainability of coal mining at the operational level.  The 

precise evaluation of state of sustainability is performed for planning at the operational level, and 

as a result, good improvement methods may be devised for large periods of time.   

   

4.8.1.2 Sustainability of Coal Mines 

Coal mining puts stress on the environment surrounding the mine and the companies that 

use coal.  In surface mining, earth’s surface is removed till the coal seams are reached.  This 

surface mining of coal impacts the environment negatively in the following ways: destruction of 
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the landscape; degradation of the visual environment; disturbance of surface water and 

groundwater; destruction of agricultural and forest lands; damage to recreational lands; noise 

pollution; dust; truck traffic; sedimentation and erosion; land subsidence; and vibration from 

blasting (Miller 2011).  The environmental costs associated with the continued growth of the 

mining industry are not well understood.  An analysis of the waste rock production and ore 

decline trends in the Australian mining industry using historical data pointed out that the 

environmental costs per unit mineral production in terms of energy, water, greenhouse emissions 

would be significantly increasing in the future (Mudd 2009).  In West Virginia, more than 

300,000 acres of hardwood forests and 1,000 miles of streams were destroyed by stripping of 

land.  Railroad locomotives that are relying on diesel fuel for transporting coal emit nearly 1 

million tons of nitrogen oxide (NOx) and 52,000 tons of coarse and small particles in the U.S. in 

a year (Union of Concerned Scientists U.S. 2011a).  Although CO2 and NOx are not released due 

to coal combustion at mines, they are emitted by machinery such as trucks and shovels running 

on fossil fuel.  Through the following statistics on the amount of CO2, NOx, and SO2 resulting 

from combustion at coal-fired plants in a year, the equivalent effects at coal mines can be 

understood: about 3,700,000 tons of carbon dioxide CO2, which is as much CO2 as cutting down 

161 million trees; about 10,000 tons of sulfur dioxide SO2, a product of combustion of sulfur in 

coal, and which causes acid rain and forms small airborne particles that can penetrate deep into 

lungs; about 10,200 tons of NOx, equivalent to that emitted by half a million late-model cars, 

and which leads to formation of smog leading to lung illnesses (Union of Concerned Scientists 

U.S. 2011b).  Besides, accidents occurring in coal mines due to truck collisions, structural 

collapses and explosive-gas leakage are an important safety concern for the employees.  So, there 

is need for regulating or decreasing the ill effects arising from MHS operations while also 
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considering revenue of the coal mine since such actions require enormous expenditure and may 

affect its production goals.  It is an important problem for coal mines owing to depleting natural 

resources, fading environmental conditions, dangerous working conditions and unstable 

economies.    

The impact of surface mining throughout the important stages of the product life cycle of 

coal is summarized in Table 4.8.  The coal mining category includes the sequence of material 

handling operations from coal excavation to coal loading for delivery to customer excluding coal 

preparation.  The coal preparation category includes activities to remove various impurities and 

potential pollutants.  The coal transportation category includes the sequence of material handling 

operations from loading of coal onto transit vehicles, transit of coal and unloading of coal from 

transit vehicles at the customer location.  The coal consumption category includes the effects of 

coal combustion at the customer’s location, and the land reclamation category considers the 

effect due to water penetration after surface mining on the reclaimed land.  The information in 

Table 4.8 is classified into action, particle/agent and effect columns.  Action refers to the specific 

operation in surface mining that impacts the environment.  Particle/Agent is the output from the 

action that causes the effect.  The information on the type of pollution that is caused or the 

component of the environment (land, water, air) affected by the Action/Particle/Agent is given in 

the Effects column. 
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Table 4.8: Summary of effects of coal mining on the environment 

Life Cycle 

Category 
Action(s) Particle (s)/Agent (s) Effect(s) 

Coal mining 

(Surface 

mining 

process) 

 

Surface mining as 

a whole 
Dust 

Air pollution (Irving and Tailakov 1999). World Bank Group (1998) 

reports dust generation of 0.1 and 0.06 tons per 1,000 tons of coal 

produced for contour and area mining, respectively. 

Surface removal Methane 
Air pollution 0.3 to 2 cubic meters of methane per metric ton of coal 

mined (Irving and Tailakov 1999)  

Surface removal Action itself 
Channel erosion; decreases ground water storage; drains shallow seam 

aquifers (Sengupta 1993) 

Surface removal Liquid Effluents 

Contour and area mining generate 0.24 and 1.2 tons of liquid effluents 

per 1,000 tons of coal produced, respectively, compared to 1 and 1.6 

tons, respectively, for conventional and longwall mining operations 

(Irving and Tailakov 1999) 

Surface removal Solid Waste 
10 tons of solid waste produced per 1,000 tons of coal removed for 

both contour and area mining (World Bank Group 1998) 

Coal 

preparation 

Coal combustion 

in thermal dryers 

Entrained dust containing coal, ash and various 

gases; 
Air pollution (Lucas, Maneval and Foreman 1979) 

Waste discharge 
Fine coal, coal refuse  Causes water pollution when let out into stream (Lucas, Maneval and 

Foreman 1979) 

Disposal of refuse 

in impoundments 

Refuse (unsalable coal, shale, bone, calcite, 

gypsum, clay, pyrite, or marcasite) 

Non-productive use of land; loss of aesthetic value; danger of slides; 

dam failures; water pollution (Lucas, Maneval and Foreman 1979)  

Coal 

transportation 

Coal loading 
 Estimated 0.02 percent is lost as fugitive dust during loading 

(Chadwick et al. 1987)    

Coal transport to 

customers 

 Estimated 0.05 to 1 percent of the coal is lost during transit 

(Chadwick et al. 1987) 

Coal unloading 
 Estimated 0.02 lost during unloading. Actual amount depends on 

mode of transit and length of trip (Chadwick et al. 1987) 

Coal 

consumption 
Coal combustion 

Emits Sulfur dioxide (SO2), particulate matter 

(PM),  Carbon dioxide (CO2) 
Affects environment, particularly ground-level (Miller 2011) 

Residue (fly ash, bottom ash, boiler slag, 

synthetic gypsum contains gypsum (CaSO4) and 

calcium sulfite (CaSO3) but can also contain fly 

ash and unreacted lime or limestone) 

Some residue used while others discarded; becomes waste when 

discarded (Miller 2011) 

Land 

reclamation 

Water penetration 

in reclaimed land 
Water 

Movement of high concentration of salts into existing or reestablished 

aquifer systems (Schmiermund and Drozd 1997) 

 

4.8.1.3 Decision Support for Sustainability 

The availability of the combination of people with expertise, control room, data 

warehouse with real-time data and simulation, DOE software is the motivation to propose a 

simulation-based framework for sustainability of coal mines in this work.  Two works on DSS 

related to sustainability of coal mines can be found in (Chen et al. 2007, Pavloudakis et al. 2009).  

A DSS for rehabilitation of coal mine waste areas system is proposed in (Chen et al. 2007).  The 

assessment of different alternatives for soil and water conservation benefits, soil improvement 

effects, water conservation benefits, clean air benefits, wind-break and sand-stabilization benefits 

is enabled by a multi-criteria assessment module embedded in that DSS.  A DSS for 

environmental reclamation of open-pit mines in Greece is proposed in (Pavloudakis et al. 2009).  

A geographic information system and a linear programming model are used to facilitate land-use 
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suitability analysis with the goal of maximizing long-term sustainability of mining and 

surrounding areas.  According to the best knowledge of the author, this is one of the first 

attempts in constructing a simulation-based framework for sustainability of surface coal mines 

for support in operational decisions. 

In this chapter, a regression model is derived for each sustainability factor as a function 

of decision parameters.  Using these models, parameter sets that could balance all the factor 

values can be determined thereby making it a multi-objective or multi-criteria problem.  Similar 

problems are formulated in literature in logistics and manufacturing to balance different  

 

 

Figure 4.11: Material handling operations’ outline and source of sustainability factors       
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objectives relating to environment, social and economic dimensions.  In retail delivery industry, 

the issue of sustainable packaging is addressed in (Ng and Chow 2010) by evaluating financial, 

environmental and operational strategies.  In manufacturing, a framework is proposed in (Davies 

2011) for companies on economically making production operations environmental friendly, 

while balancing revenue and improvement in environmental goals.  A multi-objective problem is 

difficult to be solved when a simulator is used instead of mathematical program.  In cases where 

system is very complex, such as in a simulator, reasonably good solutions are obtained using 

response surface methodology when computational time and resource are constraints and the 

optimal is not necessary (Azadivar 1992).  For designs requiring large number of experiments 

Taguchi methods have been used successfully in the past to reduce the number of experiments 

needed to be performed.   Taguchi method has also been applied to identify an optimal 

combination of parameter levels which in turn helps obtaining good solutions later in the 

optimization process (Shang et al. 2004).   

 

4.8.2 MHS and Source of Sustainability Factors 

A simulation-based framework is proposed that enables the coal mine to choose good 

operational decision parameters by balancing the major factors that affect sustainability.  Such 

frameworks forming a part of any DSS are used in coal mining because of the advanced 

components that are readily available for integration into the system that include data warehouse 

with recordings from equipment sensors, high performance computing software, dedicated 

control rooms, multiple monitor screens for reporting different information, and people with 

expertise.  The use of simulation-based framework is highly recommended for aiding day to day 

operation in coal mines where investments are huge and returns can be enormous.  There is a 



 

105 
 

cause and effect relationship between material handling operations and factors affecting 

sustainability of the coal mine and external world.  Currently, decisions at coal mine are taken 

considering only quality requirements from customer and maximization of revenue regardless of 

other major sustainability factors.  So it is important that a suitable simulation-based framework 

be proposed for this coal mine that could contribute to sustainability since current DSSs only 

consider revenue as the production objective.  The proposed simulation-based framework 

consists of following seven major components: a simulator, user interface in Excel, data 

warehouse, fleet manager (or user), DOE software, regression models and fleet management 

software.  In it, a combination of real-time operational data from the data warehouse and 

experimental decision parameter settings is used to first run simulations of material handling 

network to arrive at sustainability factor values for DOE.  Regression models are then 

constructed to determine the relationship between decision parameters and sustainability factors.  

Simulation is used since the detailed modeling of the material handling network is necessary to 

precisely quantify the values of sustainability factors.  DOE and construction of regression 

models are proposed as an initial step to lend decision support in choosing good operational 

decision parameters in this chapter.  This is because finding the optimal decision parameter set 

with revenue alone as objective is a very complex scheduling problem that requires lot of 

computational time.  But, in the future, multi-objective algorithms dealing with n sustainability 

factors may be developed, validated and tested for simulation-based optimization procedure of 

determining the optimal decision parameter set.  The regression models derived in this section 

are useful for up to two shifts where the customer requirements might change but the number of 

active equipment might not.  The optimization of regression models and validating them in the 

simulator could be an interesting optimization problem where mathematical programming 
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methods may be applied, however that is beyond the scope of this article.  It is demonstrated via 

results that the simulation-based framework is useful to form regression models for similar mines 

and thereby contribute to decision support for sustainability.   

Different elements arising from operations are defined as sustainability factors which 

affect one of environmental, economic and social dimensions.  As shown in Figure 4.11, they are 

either direct outputs of the material handling operations or consequences of the conducting these 

operations.  Emissions are direct outputs of poisonous gas leaks from pits, burning fossil fuel 

from trucks and shovels, and from coal combustion at customers.  Employee and customer health 

are affected by emissions.  Employee health is also affected due to explosive-gas leaks during 

excavation.  Liquid effluents, solid waste and land use are dependent on the coal excavation 

process.  Safety of the employees is affected by accidents arising from truck-truck collisions and 

truck-shovel collisions.  The uses of fuel and electricity to power the machinery and various 

components are parts of energy use.  Nuisance emanates from trucks, shovels, conveyors and 

loadouts.  Ash, sodium and Sulfur are constituents of the coal itself and their amounts delivered 

to the customer depend on the manner in which coal is mixed to deliver the final blend.  Revenue 

for each train is also a consequence of the coal mixing and loading processes.  All the above 

factors are classified into economic, social and environmental categories to relate the effect of 

factors on the sustainability of the coalmine (Figure 4.12(a)).  Classification helps identify a list 

of factors where at least one dimension of sustainability by each factor, and also identify at least 

one factor for each dimension.  A cause and effect relationship between decisions taken during 

customer train loading process and sustainability factors is shown in Figure 4.12(b).  These 

decisions are taken to route coal and load customer trains in order to maximize revenue.  The 

major sustainability factors are collectively affected by these parameters since any attempt to 
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favorably change any of the factors would interfere in the customer train loading process, which 

in turn would affect revenue over a period. 

  

 

                    4.12(a)                                                                   4.12(b) 

Figure 4.12(a): Cause-effect diagrams for factors and sustainability; Figure 4.12(b) Decision 

parameters and factors (right) 

 

4.8.3 Mathematical Formulation 

The response variables used in DOE are same as sustainability factors.  All the response 

variables are shown as a general function of decision parameters and the response variable array 

in Equation (4.5).  8 response variables are defined for DOE and they are ash, sodium, sulfur, 

emissions (namely PM (particulate matter), NOx, and CO2), revenue and safety (accident rate).  

Notations are provided in Table 4.9.  As shown in Table 4.10, each of them belong to one the 

three social, economic and environmental dimensions.  Truck assignments between shovels to 

hoppers are considered as decision parameters as shown in Equation (4.6).  This is done to study 

the effect that truck assignments alone could have on the sustainability factors for a particular 

setting of hopper-silo connections and silo blend values.  For modeling the case study, the 

different numbers of trucks considered are 5,8,12,16,23,27 all of which have the same capacity.  
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The numbers of shovels and hoppers each are limited to 4.  Thus, total number of decision 

parameters is 16.  

 

𝑌 = 𝑓(𝑋) , 𝑤ℎ𝑒𝑟𝑒 𝑌 = [𝑦1, 𝑦2, 𝑦3, 𝑦4, 𝑦5, 𝑦6, 𝑦7, 𝑦8]
′                          Eq.(4.5) 

 

𝑋 = [

𝑥11 ⋯ 𝑥14
⋮ ⋱ ⋮
𝑥41 ⋯ 𝑥44

]                                                      Eq.(4.6) 

 

4.8.4 Simulation-based Framework for Sustainability, Components and Activity 

The simulation-based framework is illustrated using UML 1.0 Component Diagram in 

Figure 4.13.  The seven major components are 1) simulator used for conducting experiments ; 2) 

user interface; 3) a commercial fleet management software for managing the trucks’ fleet and 

coal flow; 4) data warehouse located remotely at the coal mine where real-time operational data 

and equipment statuses are recorded; 5) DOE software for constructing regression models 

between decision parameters and response variables; 6) regression models for performing what-

ifs on decision parameters and response variables; and 7) fleet manager working in the control 

room at the coal mine and responsible for taking operational decisions.   

The procedure followed for modeling physical relationships between the decision 

parameters and sustainability factors is as follows: In the simulator, ash, sodium and sulfur are 

coal quality metrics obtained from real data.  The values of three parameters are calculated using 

the average ash, sodium and sulfur contained in the coal delivered for each customer train.  PM, 

NOx and CO2 emissions are produced by each truck haulage during simulation, and are 

determined by truck weight, hauling speed and haulage distance.  Revenue is calculated for a 

loaded train based on the average ash, sodium and sulfur of delivered coal, and the premium, 
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penalty and reject limits for each quality metric.  Truck accident rate is considered as part of 

safety factor.  Truck accidents occur at a predefined accident probability in each truck haulage 

cycle.  Truck accident rate is equal to the ratio of number of accidents that have happened during 

the simulation, and a predefined limit.  The detailed sequence of steps proposed for use of 

simulation-based framework by fleet manager is depicted in Figure 4.14.  At first, real-time data 

is loaded by the fleet manager.  Then some of this data are replaced with a set of experimental 

decision parameters (manual input) and then this whole setting is tested in the simulator  The 

simulation results and corresponding experimental decision parameters for all designs are loaded 

into DOE software for the estimation of the coefficients in the regression models. Finally, the 

fleet manager performs what-if analysis on the regression model using several sets of test 

decision parameters, and implements the set that best satisfies all the sustainability factor values 

into the fleet management software for routing real trucks at the coal mine.  

 

Table 4.9: Notations                             

 

 

𝐼 Total number of responses,  𝐼 = 8 in current case  

𝐽 Total number of active shovels,  𝐽 = 4 in current case 

𝐾 Total number of active hoppers,  𝐾 = 4 in current case 

𝑌 Response variables set for DOE (sustainability factors) 

𝑋 Decision parameters set for DOE (truck assignments)  

𝑦𝑖 Response variable ,  𝑖 = 1,2, . . 𝐼, 𝑦𝑖  ∈ 𝑅
+ ∪ {0} 

𝑥𝑗𝑘 Number of trucks going from shovel 𝑗 to hopper 𝑘, 𝑗 = 1,2, . . 𝐽; 𝑘 = 1,2, . . 𝐾, 𝑥𝑗𝑘  ∈

𝑍+ ∪ {0} 
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Table 4.10: Sustainability factors considered 

  

 

 

Figure 4.13: UML component diagram of the simulation-based framework  

 

4.8.5 Experiments and Analysis 

In this section experiments performed to demonstrate the proposed simulation-based 

framework are discussed.  With truck assignments between the 4 active shovels and 4 hoppers as 

decision parameters, choosing a two level factorial design would result in 216 experiments.  So, 

Taguchi method of evaluating different designs is used to limit the number of experiments that 

need to be performed.  To distribute truck traffic uniformly, the maximum number of trucks 

which could be assigned in each shovel-hopper connection (truck assignment parameter) is 
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restricted to 3.  Considering 16 decision parameters with 2 levels, L32 Taguchi array is used.   

 

 

Figure 4.14: UML sequence diagram for detailed activity in the simulation-based framework 

 

Stochasticity is built into the model by assigning normal distributions to truck loading, 

travel and dumping times.  Each experiment consisted of a simulation with replication length 4 

hours and 10 replications.  Design-Expert DOE software is used to analyze input and outputs 

from simulation and construct regression models.  ANOVA results for revenue response 

variable, are shown in Table 4.11 as a sample.  F-Value of the model (for revenue) is 633.88 

implies the model is significant and there is only a 0.01 % chance the “Model F-Value” this large 

 

Non-manual Input

Fleet Manager User Interface Data Warehouse Simulator

Get Real-time Data
Query for Real-time Data

Real-time Data
Real-time Data

Validation Result

Give and Validate experimantal decision parameters

Activate Simulator

Read Non-manual Input

Read experimental decision parameters

Experimental decision parameters

Till all 
experimental 
designs are 

tested

Loop1

DOE Software Regression Model

All Simulation Inputs and Outputs
Coefficient Estimates

Loop2

Till the 
fleet 

manager 
is satisfied

Test a set of decision parameters

Sustainability Factor Values

Simulation Outputs



 

112 
 

could occur due to noise.  The same procedure is followed for the rest of response variables and 

all the models are confirmed to be significant.  Due to the space limitations, the ANOVA tables 

for other response variables are not presented here.  The plot of predicted data vs. actual data for 

CO2 is provided in Figure 4.15 as sample for demonstrating models’ fitness.  The line in Figure 

4.15 goes right through the data points and there is no cluster either below or above the line.  

Thus, there is no indication of either over or under predicting of CO2 value. 

As a sample, the regression model obtained for revenue is shown in Equation (4.7) as a 

function of decision parameters.  Different what-if analysis results obtained from all the 

regression models are shown in Tables 4.12(a) and 4.12(b).  Different number of trucks and 

shovel-hopper combinations are tested to find the effects on sustainability factors.  This analysis 

would enable the fleet manager to choose the best decision parameter set given different 

environmental, social or economic considerations.  As shown in Figure 4.16,  3 response 

variables-revenue, Truck accident rate and ash are plotted in a 3D Cartesian coordinate system to 

compare different points (decision parameter sets) considering all sustainability factors.  As an 

example, here the fleet manager could choose the 10th set of decision parameters if revenue is to 

be maximized; or choose 9th set if the PM emissions have to be minimized and revenue has to be 

kept above 500000.  Since the response variables have different scales and optimization 

directions (min or max) they are rescaled for comparison.   
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Table 4.11: ANOVA for response variable revenue 

 
 

Sum of 
Squares 

Deg. 
freedom 

Mean 
Square 

F Value 
p-value 
Prob > F 

Coefficient 
Estimate 

Model 2.1558E+11 23 9.37E+09 633.8841 < 0.0001  

𝑋11 2.6293E+10 1 2.63E+10 1778.14 < 0.0001 28664.375 

𝑋12 2.7224E+10 1 2.72E+10 1841.156 < 0.0001 29167.875 

𝑋13 2.6294E+10 1 2.63E+10 1778.218 < 0.0001 28665 

𝑋14 1.3976E+10 1 1.4E+10 945.1843 < 0.0001 20898.625 

𝑋21 1.5699E+10 1 1.57E+10 1061.669 < 0.0001 22149 

𝑋22 1.4993E+10 1 1.5E+10 1013.949 < 0.0001 21645.5 

𝑋23 1.5699E+10 1 1.57E+10 1061.729 < 0.0001 22149.625 

𝑋24 7938252002 1 7.94E+09 536.8537 < 0.0001 15750.25 

𝑋31 9765171001 1 9.77E+09 660.4059 < 0.0001 17468.875 

𝑋32 9210366365 1 9.21E+09 622.8852 < 0.0001 16965.375 

𝑋33 9765869768 1 9.77E+09 660.4531 < 0.0001 17469.5 

𝑋34 8335341613 1 8.34E+09 563.7084 < 0.0001 16139.375 

𝑋41 8441422178 1 8.44E+09 570.8825 < 0.0001 16241.75 

𝑋42 8972908722 1 8.97E+09 606.8262 < 0.0001 16745.25 

𝑋43 8442071861 1 8.44E+09 570.9264 < 0.0001 16242.375 

𝑋44 2080383008 1 2.08E+09 140.6936 < 0.0001 8063 

𝑋11𝑋44 595504561 1 5.96E+08 40.2732 0.0002 -4313.875 

𝑋12𝑋44 464606645 1 4.65E+08 31.42075 0.0005 -3810.375 

𝑋13𝑋44 595677128 1 5.96E+08 40.28487 0.0002 -4314.5 

𝑋14𝑋44 116342258 1 1.16E+08 7.868076 0.0230 1906.75 

𝑋21𝑋44 253327541 1 2.53E+08 17.13221 0.0033 2813.625 

𝑋22𝑋44 170773681 1 1.71E+08 11.5492 0.0094 2310.125 

𝑋23𝑋44 253215008 1 2.53E+08 17.1246 0.0033 2813 

Residual 118292964 8 14786621    

Corr. Total 2.157E+11 31     
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Table 4.12(a): Table of sets of decision parameters 

Set 

no. 

Trucks 

Number 
X11 X12 X13 X14 X21 X22 X23 X24 X31 X32 X33 X34 X41 X42 X43 X44 

1 5 0 0 0 0 1 0 1 1 1 1 0 0 0 0 0 0 

2 8 0 0 0 0 1 1 0 1 1 0 1 1 0 1 0 1 

3 8 1 0 1 0 1 0 0 1 1 0 1 0 1 0 1 0 

4 12 2 3 3 2 2 0 0 0 0 0 0 0 0 0 0 0 

5 16 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

6 23 3 3 3 3 3 3 3 0 2 0 0 0 0 0 0 0 

7 27 1 2 3 3 3 3 2 2 1 1 1 1 1 1 1 1 

8 27 3 3 3 0 1 1 0 1 1 0 1 1 3 3 3 3 

9 27 0 1 2 2 2 2 2 2 2 2 2 2 2 2 2 0 

10 27 3 3 3 3 3 3 3 3 3 0 0 0 0 0 0 0 

 

Table 4.12(b): Comparison of eight factors for different sets in Table 4.12(a) 

Set 

no. 
revenue 

Accident 

Rate 
ash sodium sulfur NO PM CO2 

1 94483 0.6 32257 10642 1469 33289 1039 7918361 

2 140555 0.9 49182 17027 2223 47031 1468 1.1E+07 

3 162651 1.0 56711 18912 2602 58671 1832 1.4E+07 

4 316923 1.7 113718 37450 5281 125381 3914 3E+07 

5 311831 1.9 109750 37592 5024 108287 3381 2.6E+07 

6 554958 3.1 196263 65449 9102 216051 6745 5.1E+07 

7 570049 3.3 201217 68598 9134 198689 6203 4.7E+07 

8 445414 3.1 156949 57535 7072 137762 4301 3.3E+07 

9 526229 3.1 182013 61463 8370 189954 5931 4.5E+07 

10 619677 3.5 217893 72100 9922 234971 7336 5.6E+07 

 



 

115 
 

 

          𝑅𝑒𝑣𝑒𝑛𝑢𝑒 = 28664 𝑋11 + 29167.88𝑋12 + 28665𝑋13 + 20898.63𝑋14 + 22149𝑋21 +

21645.5𝑋22 + 22149.63𝑋23 + 15750.25𝑋24 + 17468.88𝑋31 + 16965.38𝑋32 +

17469.5𝑋33 + 16139.38𝑋34 + 16241.75𝑋41 + 16745.25𝑋42 + 16242.38𝑋43 + 8063𝑋44 −

4313.88𝑋11𝑋44 − 3810.38𝑋12𝑋44 − 4314.5𝑋13𝑋44 + 1906.75𝑋14𝑋44 + 2813.625𝑋21𝑋44 +

2310.125𝑋22𝑋44 + 2813𝑋23𝑋44   Eq.(4.7) 

 

 

 

  Figure 4.15: Predicted data versus actual data 
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Figure 4.16: 3D plot of revenue, truck accident rate (safety) and ash 

 

The rescaled dimensions for this figure are: X = (1/revenue)*10000, Y = truck accident 

rate, Z = ash/100000.  The points in the figure that are closer to the zero are more desirable.  

Point 1 has the most favorable ash and truck accident rate but is the worst considering revenue.  

Points 6 and 8 have almost the same revenue, but the amount of ash is different considerably.  

Among these points, point 8 is preferable.  This procedure can be applied by fleet manager to 

choose points considering his/her priorities. 

 

4.9 Application of Data-driven Simulation for Optimum Hard Rock Blast Design 

Hard rock mine material handling network is similar to surface coal mines to a certain 

extent (i.e. not including minerals processing) in that they both employ trucks, shovels and 

conveyors.  However, SAG and Ball mills are employed in addition to crushers (as compared to 

crusher alone in surface coal mines) to reduce the fragment sizes.  But, information models for 
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SAG and Ball mills can be the same as for crushers since their input, output and nature of 

processing are alike.  Further, the motivation behind this section is to demonstrate that in 

addition to obtaining future production estimates and making MHS operations more sustainable, 

data-driven models can also assist in determining optimum blast design.  Due to availability of 

some real hard rock blast data as compared to no real data for blasting in a coal mine, the focus 

of this Section will be hard rock mines instead of coal mines.  Hence, as a specific application of 

data-driven model of hard rock mines, the goal of this section is to develop a simulation-based 

framework for obtaining optimal blast design parameters for a hard rock mine.  To this end, a 

conventional mid-sized hard rock mine is taken as a case study. The mine has two pits containing 

hard and soft rock types. The proposed framework contains a combination of Excel®-based 

regression and Arena®-based discrete-event simulation applied to construct a model of the 

material handling network of the mine. Specifically, blasting parameters are estimated using 

Excel®-based regression. The processes including excavation and haulage from pits to crushers 

are modeled using a Forward blasting simulation sub-model. Various material handling 

operations from crushing, storage in stockpile, haulage via conveyors and into SAG and ball 

mills are modeled using a Crusher to Ball mill sub-model. A Reverse Blasting is used to obtain 

the optimum blast design corresponding to a target P80. Finally, the economic analysis is 

performed to demonstrate the cost savings for each rock-type as a function of their specific 

explosives energies that can be realized using the proposed framework. 

 

4.9.1 Background 

In a modern hard rock mine, various processes — drilling, blasting, crushing, grinding, 

and mineral liberation — are optimized to increase productivity, a practice known as “mine-to-
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mill” (MTM) optimization. Blasting plays an important role in MTM optimization since it is the 

first comminution process and impacts all downstream processes (JKMRC 1996; Nielsen and 

Lownds 1997; Nielsen and Malvik 1999; Chung and Katsabanis 2000; Kim and Kemeny 2011).  

Two main research topics have emerged in the area of blasting design: identifying the 

optimal target blast fragmentation at each shot and controlling the blast fragmentation for that 

target. As a part of an MTM optimization study, a site-specific blast fragmentation prediction 

model was developed, as reported by Kim and Kemeny (2011a and 2011b). This model can be 

used to identify the target blast fragmentation and incorporated into MTM optimization. A 

methodology for assigning model parameters, easily and with less human bias, was also reported. 

However, applying the site-specific blast models for MTM at a hard rock mine is 

practically limited because of the complexity of the comminution processes and the shortage of 

engineering resources. Rather, an “automated” system would be more useful. This section 

describes such a model — specifically, a discrete-event simulation model that identifies the 

target P80 (the representative size in a cumulative distribution of muckpile rock fragmentation). It 

considers comminution energy changes in a crusher and mill by rock type and predicts the 

optimum blast design (burden and spacing) to achieve the target fragmentation at each shot. This 

automated simulation model, which was constructed using Arena® software, uses a trial-and-

error process to estimate the optimum blast at a specific mine.  

The rest of this section is structured as follows: a background on site-specific blast 

fragmentation model and economic analysis are provided in Section 4.9.2.  A small summary of 

literature on discrete-event simulation applied to modeling material handling networks in mining 

is then provided in Section 4.9.3.  The description of the proposed framework including blasting 

regression model as well as the simulation model of material handling network of the mine for 
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the case study is provided in Section 4.9.4.  Section 4.9.5 then discusses the economic analysis of 

overall cost savings for each rock-type that could be realized by using the proposed framework.  

Finally, the conclusions are provided in Section 4.9.6. 

 

4.9.2 Site-Specific Blast Fragmentation Model And Economic Analysis 

Traditional models such as the Kuz-Ram model have proven to be impractical for 

predicting blast fragmentation. They require reliable data for pre-blast block size and intact rock 

strength, which is difficult to obtain for sites with variable geological conditions.  

To address this challenge, the site-specific blast fragmentation model developed by Kim 

and Kemeny (2011a) uses innovative approaches to obtain data. This empirical model applies to 

a specific rock type or area within a mine and relates several variables: specific explosives 

energy (ESE), pre-blast block size (F80), post-blast fragmentation (P80), and intact rock strength 

(To). Techniques for obtaining data included using image-processing software to determine the 

pre-blast (in situ) block size (F80) quickly and consistently, with the least human bias, and using 

tensile stress instead of UCS (uniaxial compressive strength) since it is the most common failure 

mode in rock fracturing.  

The main inputs for this model are intact rock strength (To, MPa), pre-blast block size 

(F80, cm), and post-blast fragmentation (P80, cm). The model outputs specific-explosives energy 

(ESE) — the explosive or mechanical energy required to fragment a unit mass of rock, in 

Kcal/tonne (Equation (4.8)).   

 

ESE = a F80
b P80

c To
d

                                                                              Eq.(4.8) 
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, where a, b, c, and d are fitting constants that are determined via regression analysis 

using Excel®.  Metric tonnes are used in this section.   

Equation (4.9) for properly spacing drill holes — burden (B, meters) and spacing (S, 

meters) — yields the target P80 for a blast design: 

 

c

80

b d

80

.

a . .o

P Ex
B S

F T S G H

   
     

    
                              Eq.(4.9) 

 

where “Ex.” is the average explosives energy per hole in Kcal, “H” is the bench height in 

meters, and “S.G.” is the specific gravity of the rock. 

In general, increased explosives energy induces finer blast fragmentation, which in turn 

reduces costs for all downstream processes including crushing and grinding, although the 

specific conditions at each mine should be considered. Within a certain range, however, further 

increases in blasting energy increase the total cost.  

The site-specific blast model was used to investigate total cost savings vs. explosive 

energy and the impact of blasting — preconditioning rock by inducing microfracturing — was 

demonstrated by decreasing the Bond Work Index, following the work of Nielsen and Lownds 

(1997) and Nielsen and Malvik (1999). Initial simulations were conducted with two rock types, 

“hard” and “soft.” Although the results were preliminary, it showed the optimal blast energy 

range for both rock types (Kim and Kemeny 2011b).  

 

4.9.3 Automated Simulation Model in Arena 

An automated simulation model was developed using Arena® as part of this study. This 

model incorporates the site-specific blast model (Equations (4.8) and (4.9)), along with an 
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Excel® regression analysis, to achieve two goals. One is to calculate fitting parameters a–d for 

different rock types and locations within the mine. The other is to determine the optimum blast 

design, including the drill-hole spacing and explosives energy per hole, to obtain the target P80 at 

each rock type and location using the calculated fitting parameters. To this end, all operations 

from blasting and excavation to grinding at ball mill are modeled using a combination of 

regression and discrete-event simulation.  Specifically, the relationship between the blast design 

and the resulting particle sizes are modeled using regression.  A combination of real data for 

blasting parameters such as B, S, S.G., Ex., rock properties and particle size distribution is used 

to form a blasting regression model.  Excel®’s linear regression tool has been used for estimating 

the coefficients of the blasting regression model.  And, the rest of the operations such as 

excavation, transportation of ore via trucks and conveyors, crushing, milling at SAG and Ball are 

modeled using discrete-event simulation in Arena®.  One of the main contributions of this 

section is to specify the mean cost savings with its confidence interval achieved as a function of 

specific explosives energy.   

 

4.9.3.1 Details on the Simulation Model 

There are three simulation sub-models which were developed to determine the effect of 

mine material handling operations on the rock type and volume prediction.  They are 1) Pit to 

Crusher Blasting model or Forward Blasting model, 2) Reverse Blasting model and 3) Crusher to 

Ball Mill model.  Blasting is one of the key processes to this work.  Hence, it is necessary to 

obtain burden and spacing parameters at a target fragmentation for each rock-type before 

proceeding to simulate comminution processes.  The purpose of Forward Blasting model is to 

obtain the coefficients in the blasting regression model when there is only limited data of burden 
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and spacing available.  This sub-model is useful in real cases where these shot parameters are 

either not measured or recorded every time a shot is made.  It will help obtain the burden and 

spacing parameters for an optimum or target fragmentation, as deemed by the mine operators, 

without having to test these parameters in real mine.  The sub-model has four parts as shown in 

Figure 4.17, including Error, Blast, Monitor and Write.   The model parameters are numbers of 

pits and trucks.  In the Error sub-model, an estimated error in blasting parameters such as burden 

and spacing as given by the blasting engineer is also input to the model.  This value can be 

provided by blast designers at a real mine.  For demonstration purposes, in the current model this 

error is assumed to be uniformly distributed.  For example, if error in burden is 10%, then the 

actual burden in a blast can vary between -10% to +10% of its mean value.  In blast, two types of 

ores-hard and soft rock-are considered and a shot is simulated each day at their respective pits.  

Based on the inputs of number of trucks assigned to each pit and their cycle times, the 

corresponding number of truckloads is generated.  In the Monitor sub-model, it is assumed that a 

combination of images will be taken for each truck when it is dumping at the crusher.  The 

objective of taking these images is to determine P80 of the particle size distribution of each 

truckload.  These cameras can be positioned at the crusher in a real mine.  In Arena®’s Input 

Analyzer® add-on, a whole day’s worth of data was used to construct a particle size distribution. 

In the Write sub-model, for each pit the values of burden, spacing, bench height, tensile strength, 

F80, P80s from each truck load are recorded into an MS Access® database.   

 

4.9.3.2 Excel® Regression Model for Blasting 

The simulation run length has to be varied based on the quality of real data available.  

This means that the combined input data of explosives energy and F80 should be able to capture 
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some of intuitive relationships between explosives energy and P80 and/or F80 and P80.  The 

blasting model and its logarithmic form used in regression analysis are given in Equations (4.8) 

and (4.10).  ln(a) is the intercept, and b, c and d are the coefficients in the regression expression.   

 

ln(ESE)= ln(a)+b*ln(F80)+c*ln(P80)+d*ln(To)                                   Eq.(4.10) 

 

For demonstration of these relationships, we consider six scenarios.  In each of these 

scenarios, neither specific explosives energy and F80 nor P80 are allowed to be constant 

throughout the whole data set.  If they are constant, then that could result in impractical values 

for their corresponding regression coefficients.  Value of d is fixed at 1 to simplify the 

demonstration. Intuitively, for increasing values of ESE and constant F80, the P80 should be 

decreasing.  Alternatively, for increasing values of ESE and constant P80, the F80 should be 

increasing.  Although, d is fixed in the demonstrative tests, this can be varied as well by 

increasing ESE corresponding to increasing To and keeping F80 and P80 constant in some of the 

data. 

The different initial values of each type of input to the blasting regression model are 

shown in Table 4.13.  Each of these values corresponds to one shot for a pit in a day and they are 

taken from the mid-sized hard rock mine considered as a case study.  In Table 4.14, the nature of 

variation in specific explosives energy, F80 and P80 is specified for each scenario.  Each scenario 

corresponds to a data set that can be used to determine regression coefficients.  An example of 

the whole data set for scenario 6, is shown in Table 4.15.  The data set of each scenario is 

composed of ten rows as shown in the table.  For half of them, either F80 or P80 is kept as 
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constant but ESE is varied throughout.  A different type of variation in these parameters can be 

introduced to study their effect on resulting regression coefficients.   

Excel® Regression Analysis tool is used to determine the blasting regression coefficients. 

The resultant coefficients are shown in Table 4.16.   ln(a) implies it is natural logarithm of 

coefficient a which corresponds to the constant in the blasting model.  The R2 value expresses 

the proportion of the variation in ESE that is explained by variation in To, P80 and F80.  Values of 

R2
 above 0.9 represent good fit between dependent (ESE) and independent variables (To, P80 and 

F80) in the regression.  In other words, it leads us to conclude that the ESE values can be 

explained by the sample data.  

ln(a), b and c are the final coefficient values of the blasting as determined by the Excel® 

regression tool. Finally, Mean ESE, Mean F80 and Mean P80 values are the means of ESE, F80 and 

P80 respectively over the whole 10 sample data in each scenario.  These regression coefficients 

can then be input to Reverse Blasting model in order to determine the burden and spacing for a 

desired mean P80 at a pit, given its mean F80, height of shot, mean explosives energy, means of 

tensile strength and specific gravity of its ore.    
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Figure 4.17: Overview of simulation model of blasting and comminution processes 

 

There are two parts in Reverse Blasting model and they are 1) Error and 2) Record 

Burden Spacing.  The error sub-model is used to introduce variation using uniform distribution  

in F80, explosives energy, tensile strength and specific gravity.  This distribution can be other 

than uniform, such as gamma, exponential or normal.  The nature of the distribution can also be 

different for the above-mentioned input parameters.  A number of replications of simulation can 

run where in for each replication the product of burden and spacing is recorded.  If there is a 
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specific relationship between burden and spacing, then the means of burden as well as spacing 

can be obtained individually based on their recorded values.   

 

Table 4.13: Various inputs for the regression model 

Explosives 

energy (Kcal) 

B (m) S (m) 

To 

(MPa) 

F80  

(cm) 

P80 

(cm) 

Fixed H 

(m) 

S.G. 

(tonne/m3) 

345000 7.25 8.70 7.86 33.02 25.14 12 2.65 

 

 

Table 4.14: ESE, F80 and P80 inputs to each scenario          

INPUTs 

Scenario 

no. 

ESE 

increase % 

F80 

increase % 

P80 

increase % 

1 1.00 1.00 -2.00 

2 2.00 1.00 -2.00 

3 3.00 1.00 -2.00 

4 2.00 2.00 -2.00 

5 2.00 3.00 -2.00 

6 2.00 4.00 -2.00 
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Table 4.15: Data set for scenario no. 6 

ESE 

(Kcal/tonne) 

F80 

(cm) P80 (cm) 

175 34.34 22.63 

179 35.66 22.63 

182 36.98 22.63 

186 38.30 22.63 

189 39.62 22.63 

193 40.94 22.12 

196 40.94 21.61 

200 40.94 21.13 

203 40.94 20.62 

206 40.94 20.11 

 

4.9.3.3 Results 

The aim of this experiment is to demonstrate how cost savings can be achieved for hard 

and soft rocks by obtaining their optimum ESE.  The simulation model discussed in Section 

4.9.3.1 was used, and the errors earlier included in blasting parameters such as burden and 

spacing were considered here as well.  In addition to that, a percentage error of uniform 

distribution UNIF (4.8, 5.2) was considered for the each comminution power setting as well.  10 

replications were performed to determine the mean and confidence intervals of power 

consumptions at different comminution stages.   
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Figure 4.18: Arena® simulation of cost saving vs. explosive energy for two rock types 

 

The initial F80 value at the blast site along with the other blasting parameters has been 

borrowed from the case study.  Thereafter, due to non-availability of detailed P80 by rock-type at 

each stage, they have been calculated for an assumed reduction ratio at each stage.  The 

reduction ratio at a particular stage is defined in this work as ratio of its F80 and P80.  The 

potential cost savings as a function of blast energy is shown in Figure 4.18. The cost savings 

shown in Figure 4.18 are obtained after comparison with cost incurred in the base ESE scenario of 

160 Kcal/tonne. For both hard and soft rocks each, the curve shows the range of the optimum 

ESE.  It can also be noticed that the cost savings for hard rocks are larger for a longer range of ESE 

relative to those for soft rocks.  This result reveals that tracking power consumptions by rock-

type will help the mine operators choose the optimum ESE for each rock-type in order to achieve 

the maximum cost savings.  Assuming a target P80 is unavailable, the optimum ESEs can be input 

into Reverse Blasting model to determine the target P80s which in turn is used to determine the 
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optimum blast design, including burden and spacing, and explosives energy per hole (by playing 

with different combinations of these design parameters that satisfy the relationship in Equation 

(4.8)) .  

 

Table 4.16: Regression coefficients using Arena® and Excel® regression analysis 

Scenario R2 ln(A) B C 

Mean ESE 

(Kcal/tonne) 

Mean F80 

(cm) 

Mean P80 

(cm) 

1 1 1.58 0.88 -0.34 181.46 34.52 21.87 

2 1 0.08 1.71 -0.63 190.92 34.52 21.87 

3 1 -1.40 2.50 -0.88 200.38 34.52 21.87 

4 1 2.20 0.89 -0.63 190.92 35.99 21.87 

5 1 2.92 0.61 -0.64 190.92 37.49 21.87 

6 1 3.28 0.47 -0.64 190.92 38.96 21.87 

 

4.10 Conclusions from this Chapter 

Discrete-event simulation has been used for decision support in mining industries to 

project production performance and obtain best decision variable settings.  In this chapter, a data-

driven modeling and simulation framework has been proposed for decision making in coal 

mining.  An UML-based formal information model has been then developed based on the 

general MHS structures.  Petri net-based simulation model generation procedures have been 

designed to automatically generate simulation model.  The proposed framework has been 

successfully implemented for one of the largest surface coal mines in the USA using real 
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production data.  It is shown that the framework can be used to develop and implement 

simulation models as decision support tools for equipment scheduling in coal mining industry. 

The system specification discussed in Section 4.2 covers major MHS equipment and 

processes currently being used in coal mines around the world.  But potentially important 

processes such as waste transportation and disposal are not considered in the information model 

since those processes do not put constraints on decision making.  The proposed framework can 

be applied to MHS that can be mapped into the information model.  The AMG used for case 

study is coded based on the general coal flow specified at the beginning of this Chapter.  For 

cases where some components and processes that are excluded or where the coal flow is 

different, minor changes to the information model are needed for generating simulation model 

automatically.  The current work mainly focuses on the logistics operations in coal mines and 

minute details of coal excavation, crushing, and mixing operations at loadouts are not 

considered.  Furthermore, the MHS of other types of mines such as copper and gold mines which 

share similar structures with coal mines can adopt the proposed framework.  Since important 

processes such as leaching, ore cleansing and processing constitute the production logic of mines 

producing a different ore, the proposed framework needs modifications to be applicable for 

whole of mining industry.  As data is the key to data-driven modeling and simulation, 

availability, accuracy and possibly randomness in data are issues affecting the implementation of 

the proposed framework to coal mines.  

Later, an application of the data-driven simulator in helping to make MHS operations 

more sustainable are presented.  A simulation-based framework is proposed to enable coal mines 

to take material handling operational decisions considering major sustainability attributes that 

include revenue.  These attributes are termed as factors (i.e. affecting sustainability such as 
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revenue, ash etc.,) for use in the simulation-based framework.  Experiments are conducted using 

all major components of the simulation-based framework except fleet management software.  

Through results the procedure behind arriving at decision parameters that would balance 

sustainability factors is demonstrated.  It is observed in the results that the number of trucks and 

nature of truck assignments significantly vary the values of the factors.   

Another application of the data-driven modeling and simulation framework to mines 

similar to large surface coal mines has been presented.  Specifically, a framework incorporating 

regression and discrete-event simulation is proposed for obtaining optimum blast design for a 

hard rock mine.  A conventional mid-sized hard rock mine with two rock-types was considered 

as a case study.  The rock-types are assumed to have different hardness so they are classified into 

hard and soft rocks.  An Arena® of the material-handling network from the excavation till ball 

mill of the mine was used along with Excel® that was applied to estimate coefficients in the 

blasting regression model.  In the experiments using the Forward Blasting and Crusher to Ball 

mill sub-models optimum ESE is obtained for each rock-type.  It was noted that these optimums 

differ by rock-type. They can be input into Reverse Blasting model to finally obtain the optimum 

blast design parameters.  
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CHAPTER 5 

5 TWO LEVEL HIERARCHICAL SIMULATION-BASED FRAMEWORK 

The goal of this chapter is to develop a two-level hierarchical simulation-based optimal 

planning framework for maximization of revenue. The variance of revenue is not specifically 

addressed hence this approach is non-robust. Truck locks, hopper-silo connections and silo blend 

values are the decision variables. Since the decision variables are numerous and are not possible 

to be handled in a single optimization problem, the revenue maximization problem is split into 

train loading and machine scheduling problems. To resolve them in an integrated manner, 

mathematical formulation for each problem is developed and embedded within the proposed 

hierarchical framework. At the upper level the coal flow in the simulation model is directly from 

pits to trains and in the lower level a full simulation model of the coal mine is used for 

simulating flow of coal from pits to hoppers via trucks, then from hoppers to silos and silos to 

loadouts via conveyors. OptQuest add-on is used to optimize the previously discussed Arena 

model of the mine using real-data from data warehouse. Finally, two types of experiments are 

conducted to illustrate the performance of the proposed framework for the actual coal mine. 

First, the framework is shown to obtain best train loading and machinery scheduling plans using 

the hierarchical approach. Second, the bounds of the constraints in the upper level formulation 

are varied to study the behavior of the total revenue in shift and revenue by train. Also, truck 

travel times, loading and dumping rates are varied at the lower level formulation to analyze the 

sensitivity of obtained best machinery scheduling plan. 

The remainder of the chapter is organized as follows: the proposed framework for 

optimal planning is explained. The experiments to demonstrate the utility of the proposed 

framework are detailed in Section 5.1. The mathematical formulations for train loading and 
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machinery scheduling problems are discussed in Section 5.2. A detailed description of the 

interactions of user in the framework is provided in Section 5.3. Results from experiments are 

discussed in Section 5.4.  A framework to reduce the computational time to maximize revenue 

using simulation-based parallel Discrete search is presented in Section 5.5.  Finally, conclusions 

from this chapter are drawn in Section 5.6. 

 

5.1 Proposed Hierarchical Framework 

The two-level hierarchical simulation-based framework proposed in this chapter to 

maximize the daily revenue of the mine is described in this section (Nageshwaraniyer et al. 

2013). At the upper level of this framework is the Coal Mine Control Room (CMCR) (Figure 

5.1). At the lower level of this framework, there are Truck Fleet Control Room (TFCR) and 

Maintenance Control Room (MCR). At the start of every shift, the CMCR obtains the train 

arrival schedule along with the customer coal quality specifications from the head-quarters of the 

organization that is in charge of the operations. Then the CMCR solves a blending problem to 

determine the sub-optimal decision variables at the upper level. The decision variables at the 

upper level are the quantities of coal to be delivered to each train from each pit to maximize the 

overall revenue in that shift. After solving the problem, a sub-optimal train loading plan or sub-

optimal values of the decision variables at the upper level are obtained. The decision variables at 

the lower level are(𝑃𝑖𝑡𝑙𝑜𝑐𝑘𝑖
𝑙 , 𝐻𝑜𝑝𝑝𝑒𝑟𝑙𝑜𝑐𝑘𝑖

𝑙, 𝐻𝑜𝑝𝑝𝑒𝑟𝑆𝑖𝑙𝑜𝐶𝑜𝑛𝑛𝑖
𝑙 , 𝑆𝑖𝑙𝑜𝐵𝑙𝑒𝑛𝑑𝑖

𝑠) and a time-delay 

decision variable. The obtained sub-optimal train loading plan is delivered to both the TFCR and 

MCR. The TFCR then solves a scheduling problem to determine the sub-optimal decision 

variables and their corresponding responses at the lower level. These responses at the lower level 

are sent to the upper level, and based on them a new sub-optimal train loading plan is obtained. 
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This procedure is repeated until no better train loading plan is obtained at the upper level for 

which there exists at least one machinery schedule at the lower level. The flowchart of the 

optimization procedure is given in Figure 5.2. 

The preventive maintenance schedules for all machinery are determined by the MCR. 

Including these schedules adds constraints to the scheduling problem at the lower level.  But they 

have not been included in the scope of the current chapter and are left for future work.  For 

solving the train loading and machinery scheduling problems OptQuest is used. OptQuest for 

Arena is an optimization solver that performs search by analyzing stochastic outputs from 

simulation model runs. It is embedded with intelligent search methods like Scatter search and 

Tabu search to search for optimal configuration of the Arena simulation model with respect to 

the values of the control variables defined in OptQuest’s user interface. The interface between 

Arena and OptQuest is implemented using Arena’s COM object model. It is provided as an add-

on with Arena. The optimization process proceeds with the evaluation of objective for different 

sets of decision variable(s) via the simulation model by OptQuest, until a predetermined stopping 

criterion is satisfied. This criterion is either maximum number of simulations or the tolerance 

value of the objective for which the optimization is stopped after 100 simulations, if there is no 

improvement in it. This process can also be stopped manually at any time.  

 

5.2 Non-robust Revenue Maximization Formulation I 

There is a mathematical formulation at each level of this framework. It is termed non-

robust since there is no specific function in it to minimize the variance of the revenue, which is 

the objective. The mathematical formulation at the upper level is the train loading problem where 
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the objective is to maximize revenue for the given shift. Notations are provided in Tables 5.1, 5.2 

and 5.3.   

 

 
Figure 5.1: Two-level hierarchical framework 
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Table 5.1: Notations for simulation inputs 

Simulation 

Input 
Description 

Simulation 

Input 
Description 

𝑁𝑗: Number of trains in shift j 𝑁𝑃𝑖𝑡𝑠𝑗: Number of active pits in shift 

j 

𝑋𝑘: Value of metric X of coal 

quality of pit k where X = 

BTU, Ash or Sodium 

𝑟𝑒𝑗𝑋𝑖: Weighted average of metric X 

of coal quality that is a limit 

for rejection of train i where 

X = BTU, Ash or Sodium 

𝑅𝑖: Base revenue in dollars 

obtained from loading train 

i 

𝑁𝑇𝑟𝑢𝑐𝑘𝑠𝑗,𝑖: Number of active trucks 

while loading train i in shift j 

𝑃𝑟𝑋,𝑖: Premium in dollars obtained 

from train i on metric X of 

coal quality where X = 

BTU, Ash or Sodium 

𝑟𝑒𝑞𝑋𝑖,𝑙𝑜𝑤𝑒𝑟 Lower bound value of metric 

X of coal quality required by 

train i where X = BTU, Ash 

or Sodium 

𝑃𝑒𝑋,𝑖: Penalty in dollars incurred 

from train i on metric X of 

coal quality where X = 

BTU, Ash or Sodium 

𝑟𝑒𝑞𝑋𝑖,𝑢𝑝𝑝𝑒𝑟: Upper bound value of metric 

X of coal quality required by 

train i where X = BTU, Ash 

or Sodium 

𝑈𝑝𝑝𝑒𝑟 
𝑀𝑖𝑛𝑒𝑃𝑙𝑎𝑛𝑘,𝑗: 

Maximum amount of coal in 

tons that can be excavated 

from pit k in shift j 

𝐿𝑜𝑤𝑒𝑟 

𝑀𝑖𝑛𝑒𝑃𝑙𝑎𝑛𝑘,𝑗: 
Minimum amount of coal in 

tons that can be excavated 

from pit k in shift j 

𝐶1, 𝐶2 ∶ Constants in dollars s:  Silo number s∈[1,6] 

 

Table 5.2: Notations for simulation outputs 

Simulation  

Output 
                                                 Description 

𝐴𝑐𝑡𝑢𝑎𝑙𝑇𝑜𝑛𝑠𝑘,𝑖
𝑙 : Actual amount of tons loaded, transported from pit k by truck l and 

loaded into train i 

𝑑𝑒𝑙𝑋𝑖 Weighted average of metric X of coal quality delivered to train i where X 

= BTU, Ash or Sodium 

𝑆𝑖𝑙𝑜𝐿𝑒𝑣𝑒𝑙𝑡
𝑠: This denotes the level of silo s at time 𝑡 

𝑇𝑖𝑑𝑡: This parameter denotes the set of the trains (∀𝑖) getting loaded at time 𝑡 
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Table 5.3: Notations for decision variables in simulation 

Decision 

Variable 
Description 

Decision 

Variable 
Description 

𝑇𝑜𝑛𝑠𝑘,𝑖: Targeted train loading plan 

of tons to be excavated from 

pit k to load train i 

𝑃𝑖𝑡𝑙𝑜𝑐𝑘𝑖
𝑙: The Pit that truck l is locked to 

while train i is being loaded  

𝐻𝑜𝑝𝑝𝑒𝑟
𝑙𝑜𝑐𝑘 𝑖

𝑙

: 
The Hopper or dump that 

truck l is locked to while 

train i is being loaded or 

𝐻𝑜𝑝𝑝𝑒𝑟𝑙𝑜𝑐𝑘𝑖
𝑙 ∈ [1,4] 

𝑆𝑖𝑙𝑜𝐵𝑙𝑒𝑛𝑑𝑖
𝑠: The percentage of coal out of 

total capacity of train i to be 

drawn from silo s to load train 

i or silo blend value, 𝑠 ∈ [1,6] 

𝐻𝑜𝑝𝑝𝑒𝑟
𝑆𝑖𝑙𝑜𝐶𝑜𝑛𝑛𝑖

𝑙

: 
The Silo to which coal at 

hopper or dump 

𝐻𝑜𝑝𝑝𝑒𝑟𝑙𝑜𝑐𝑘𝑖
𝑙 dumped by 

truck l  will be transported 

while train i is being loaded,  

𝐻𝑜𝑝𝑝𝑒𝑟𝑆𝑖𝑙𝑜𝐶𝑜𝑛𝑛𝑖
𝑙 ∈ [1,6] 

𝑆𝑖𝑙𝑜6
𝑆𝑖𝑙𝑜𝐶𝑜𝑛𝑛𝑖

: The Silo to which coal at Silo 

6 will be transported to while 

train i is being loaded 

 

5.2.1 Train loading problem 

The train loading plan determined by the framework contains information about how 

much coal to excavate from each pit at the mine to load each customer train, and the machinery 

schedule contains the working schedules for the machinery at the mine for loading each customer 

train. The mathematical formulation at the lower level of the formulation in (Nageshwaraniyer et 

al. 2011) is further developed, and number of insights into the best train loading and machinery 

scheduling plans are provided in this research. The optimization procedure in this framework is 

independent of time at which the real-time data is fed to it. So, not only can the framework be 

used at the start of a shift but whenever the user deems a need for re-planning, due to breakdown 

of machinery such as trucks and conveyors, and/or train delays, the framework can be used to 

deliver updated optimal plans based on the new status of the mine.   
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The mathematical formulation of train loading problem is explained in this section. The 

expected value of total revenue term indicated in the objective in Equation (5.1) is the expected 

sum of base revenues and the premiums minus the penalties incurred from loading all the trains. 

It is ensured that the amount of coal shoveled from any pit is below the upper bound and greater 

than the lower bound specified by the mine plan via Equation (5.2). The general weighted 

average method for calculation of qualities delivered to a train is given in Equation (5.3). The 

method for calculation of premium for BTU, and penalties for ash and sodium obtained (if any) 

from each train is given in Equation (5.4). The method for calculation of penalty for BTU, and 

premium for ash and sodium incurred (if any) from each train is given in Equation (5.5). The 

general form of the decision variable at the upper level is 𝑇𝑜𝑛𝑠𝑘,𝑖. The mathematical formulation 

at the lower level of the proposed framework is the machinery scheduling problem where the 

objective is to minimize the difference between the targeted train loading plan and the actual 

train loading pattern for each train. The targeted train loading plan is given to TFCR at the lower 

level by the CMCR after train loading problem is solved at the upper level.  

 

 

Figure 5.2: Flowchart of the optimization procedure 
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The objective term in Equation (5.6) is the expected sum of the absolute values of the 

differences between targeted train loading plan and actual train loading pattern over all pits. The 

actual train loading pattern or the actual amount of tons loaded and transported from pit k  by 

truck l that finally goes into train i is expressed in Equation (5.7) as a function of decision 

variables at the lower level. The decision variables in the machinery scheduling problem 

collectively contain information on how to route coal from pits to hoppers, and from hoppers to 

silos, and then from silos to loadouts. The time-delay decision variable that is not expressed here 

contains information about the delay included on each route connecting a pit and a hopper 

between trucks during simulation run initialization. This procedure is followed in order to 

minimize queue times for trucks routed between same pit and hopper. It is difficult to express the 

actual train loading pattern explicitly due to the fact that the loading and dumping times at 

shovels and hoppers respectively follow probability distributions and also because of the 

presence of a large number of decision variables in the lower level.  

 

 max E [∑ (𝑅𝑖 + 𝑃𝑟𝐵𝑇𝑈,𝑖 + 𝑃𝑟𝐴𝑠ℎ,𝑖 + 𝑃𝑟𝑆𝑜𝑑𝑖𝑢𝑚,𝑖 − 𝑃𝑒𝐵𝑇𝑈,𝑖 − 𝑃𝑒𝐴𝑠ℎ,𝑖 − 𝑃𝑒𝑆𝑜𝑑𝑖𝑢𝑚,𝑖)
𝑁𝑗
𝑖=1

]      Eq.(5.1) 

 

𝐿𝑜𝑤𝑒𝑟𝑀𝑖𝑛𝑒𝑃𝑙𝑎𝑛𝑘,𝑗 ≤ ∑ 𝑇𝑜𝑛𝑠𝑘,𝑖
𝑁𝑗
𝑖=1

≤ 𝑈𝑝𝑝𝑒𝑟𝑀𝑖𝑛𝑒𝑃𝑙𝑎𝑛𝑘,𝑗                  Eq.(5.2) 

 

𝑑𝑒𝑙𝑋𝑖 =
∑ 𝑇𝑜𝑛𝑠𝑘,𝑖∗𝑋𝑘
𝑁𝑃𝑖𝑡𝑠𝑗
𝑘=1

∑ 𝑇𝑜𝑛𝑠𝑘,𝑖
𝑁𝑃𝑖𝑡𝑠𝑗
𝑘=1

, 𝑋 =  𝐵𝑇𝑈, 𝐴𝑠ℎ or 𝑆𝑜𝑑𝑖𝑢𝑚                 Eq.(5.3) 

 

𝑌𝑋,𝑖 = 𝐶 (
𝑑𝑒𝑙𝑋𝑖

𝑟𝑒𝑞𝑋𝑖,𝑢𝑝𝑝𝑒𝑟
− 1) , 𝑖𝑓 ((𝑌, 𝑋, 𝐶) = (𝑃𝑟, 𝐵𝑇𝑈, 𝐶1) 𝑜𝑟 (𝑌, 𝑋, 𝐶) =  (𝑃𝑒, 𝐴𝑠ℎ, 𝐶2)   𝑜𝑟   
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(𝑌, 𝑋, 𝐶) = (𝑃𝑒, 𝑆𝑜𝑑𝑖𝑢𝑚, 𝐶2))  𝑎𝑛𝑑 𝑑𝑒𝑙𝑋𝑖 ≥ 𝑟𝑒𝑞𝑋𝑖,𝑢𝑝𝑝𝑒𝑟, 𝑒𝑙𝑠𝑒 0             Eq.(5.4) 

 

 𝑌𝑋,𝑖 = 𝐶 (1 −
𝑑𝑒𝑙𝑋𝑖

𝑟𝑒𝑞𝑋𝑖,𝑙𝑜𝑤𝑒𝑟
) , 𝑖𝑓((𝑌, 𝑋, 𝐶) = (𝑃𝑒, 𝐵𝑇𝑈, 𝐶2) 𝑜𝑟 (𝑌, 𝑋, 𝐶) =  (𝑃𝑟, 𝐴𝑠ℎ, 𝐶1) 𝑜𝑟   

(𝑌, 𝑋, 𝐶) = (𝑃𝑟, 𝑆𝑜𝑑𝑖𝑢𝑚, 𝐶1))  𝑎𝑛𝑑 𝑑𝑒𝑙𝑋𝑖 ≤ 𝑟𝑒𝑞𝑋𝑖,𝑙𝑜𝑤𝑒𝑟 , 𝑒𝑙𝑠𝑒 0                 Eq.(5.5) 

 

5.2.2 Machinery scheduling problem 

The bounds on the pit lock that have to be assigned to each truck are given in Equation 

(5.8).  The bounds on hopper lock assigned to each truck are given in Equation (5.9). Due to 

structural constraint at the mine, the nature of coal flow direction from hoppers to silos and silos 

to loadouts is not one to many. The flow directions from hoppers 1, 3 and 4 are limited via 

Equation (5.10) to silos 1, 2 and 3 only. The coal flow direction from hopper 2 is limited via 

Equation (5.11) to silos 4, 5 and 6 only. Equations (5.10) and (5.11) represent structural 

constraints associated with hoppers {1,3,4} and hopper 2 respectively. The coal flow direction 

from silo 6 is limited via Equation (5.12) to silo 4 and silo 5, and this represents a structural 

constraint associated with silo 6 at the mine. The delivered quality of coal is ensured to be 

greater than the rejection qualities of coal specified by the customer in terms of BTU, ash and 

sodium content via Equations (5.13) and (5.14). It is ensured that the silos that are empty are not 

assigned silo blend values greater than 0 for any train via Equation (5.15). The sum of the silo 

blend values at any time is equal to 100 or to 0 as shown in Equation (5.16). 

 

      min E [∑ |𝑇𝑜𝑛𝑠𝑘,𝑖 − ∑ 𝐴𝑐𝑡𝑢𝑎𝑙𝑇𝑜𝑛𝑠𝑘,𝑖
𝑙𝑁𝑇𝑟𝑢𝑐𝑘𝑠𝑗,𝑖

𝑙=1 |
𝑁𝑃𝑖𝑡𝑠𝑗
𝑘=1 ]                        Eq.(5.6) 
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𝐴𝑐𝑡𝑢𝑎𝑙𝑇𝑜𝑛𝑠𝑘,𝑖
𝑙 = 𝑓( ⋃ (𝑃𝑖𝑡𝑙𝑜𝑐𝑘𝑖

𝑙, 𝐻𝑜𝑝𝑝𝑒𝑟𝑙𝑜𝑐𝑘𝑖
𝑙,  𝐻𝑜𝑝𝑝𝑒𝑟𝑆𝑖𝑙𝑜𝐶𝑜𝑛𝑛𝑖

𝑙, 𝑆𝑖𝑙𝑜6𝑆𝑖𝑙𝑜𝐶𝑜𝑛𝑛𝑖)

𝑁𝑇𝑟𝑢𝑐𝑘𝑠𝑗

𝑙=1

,    

                                   ⋃ 𝑆𝑖𝑙𝑜𝐵𝑙𝑒𝑛𝑑6
𝑠=1 𝑖

𝑠
)                                                                       Eq.(5.7) 

 

1 ≤ 𝑃𝑖𝑡𝑙𝑜𝑐𝑘𝑖
𝑙 ≤ 𝑁𝑃𝑖𝑡𝑠                                           Eq.(5.8) 

 

1 ≤ 𝐻𝑜𝑝𝑝𝑒𝑟𝑙𝑜𝑐𝑘𝑖
𝑙 ≤ 4                                     Eq.(5.9) 

 

𝐻𝑜𝑝𝑝𝑒𝑟𝑆𝑖𝑙𝑜𝐶𝑜𝑛𝑛𝑖
𝑙 ∈ {1,2,3}, ∀𝐻𝑜𝑝𝑝𝑒𝑟𝑙𝑜𝑐𝑘𝑖

𝑙 ∈ {1,3,4}                  Eq.(5.10) 

 

                   𝐻𝑜𝑝𝑝𝑒𝑟𝑆𝑖𝑙𝑜𝐶𝑜𝑛𝑛𝑖
𝑙 ∈ {4,5,6}, ∀ 𝐻𝑜𝑝𝑝𝑒𝑟𝑙𝑜𝑐𝑘𝑖

𝑙 ∈ {2}                      Eq.(5.11) 

 

𝑆𝑖𝑙𝑜6𝑆𝑖𝑙𝑜𝐶𝑜𝑛𝑛𝑖 ∈ {4,5}                                      Eq.(5.12) 

 

𝑑𝑒𝑙𝑋𝑖 ≥ 𝑟𝑒𝑗𝑋𝑖, 𝑋 =  𝐵𝑇𝑈                                      Eq.(5.13) 

 

𝑑𝑒𝑙𝑋𝑖 ≤ 𝑟𝑒𝑗𝑋𝑖, 𝑋 =  𝐴𝑠ℎ or 𝑆𝑜𝑑𝑖𝑢𝑚                                Eq.(5.14) 

 

𝑖𝑓 𝑆𝑖𝑙𝑜𝐿𝑒𝑣𝑒𝑙𝑡
𝑠 = 0, 𝑡ℎ𝑒𝑛 𝑆𝑖𝑙𝑜𝐵𝑙𝑒𝑛𝑑𝑖

𝑠 = 0  ∀𝑖 ∈ 𝑇𝑖𝑑𝑡                    Eq.(5.15) 

 

𝑆𝑖𝑙𝑜𝐵𝑙𝑒𝑛𝑑𝑖
1 + 𝑆𝑖𝑙𝑜𝐵𝑙𝑒𝑛𝑑𝑖

2 + 𝑆𝑖𝑙𝑜𝐵𝑙𝑒𝑛𝑑𝑖
3 + 𝑆𝑖𝑙𝑜𝐵𝑙𝑒𝑛𝑑𝑖

4 + 𝑆𝑖𝑙𝑜𝐵𝑙𝑒𝑛𝑑𝑖
5 ∈ {0,100}   Eq.(5.16) 
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Figure 5.3: Sequence diagram of interactions between the Fleet manager, User interface, Upper 

Level and Lower Level Simulators 

 

5.3 User Interaction with the Framework  

Figure 5.3 gives detailed insight into the functioning of the framework. The upper level 

simulator is a modified version of the simulation model discussed in Section 4.7, and represents 

the coal flows directly from pits to loadouts without the consideration of the following MHS 

components of the mine: shovels, trucks, hoppers, silos, conveyors between hoppers and silos, 

conveyors between silos and loadouts. When compared with the unmodified simulation model 

the level of detail is much lower in the upper level simulator. The lower level simulator is same 
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as the simulation model discussed in Section 4.7. The complete simulation model of the MHS is 

not required by OptQuest to solve the train loading problem formulation. Whereas for solving 

the machinery scheduling problem the whole MHS needs to be simulated due to which the 

extensive simulation model is required by OptQuest.  

The procedure involved in one iteration during the simulation-based optimization 

procedure is described in this paragraph. At first, the upper level and lower level simulators are 

initialized with real-time data from the data warehouse. Then the user activates OptQuest to 

solve the train loading problem at the upper level. The best values of the decision variables are 

fed into OptQuest for defining objective functions for each train. The machinery scheduling 

problem is solved for every pair of trains that concurrently arrive, load and depart the mine. The 

objective functions are added and each constraint of two concurrent trains is represented in 

OptQuest. After the loading of every pair of trains is complete, 1) the system status of the lower 

level simulator is recorded, and running of OptQuest and the simulation model is discontinued; 

2) the objective function value for next two trains is set in OptQuest based on the upper level 

decision variables; 3) the system status of the lower level simulator is set to the status recorded in 

step 1.  After the loading of all the 12 trains in the shift is completed the user sets the bounds for 

decision variables at the upper level based on the values of the lower level responses. The above-

mentioned procedure is repeated until the upper level objective function value remains stagnant 

for a predefined set of iterations. 
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5.4 Results for Two-level Hierarchical Framework  

A sample data set of a shift is considered to conduct the experiments. This sample data 

set contains all the necessary information about the whole shift. They are number of active pits, 

trucks, loading times at shovels, dumping times at hoppers, travel times from shovels to  hoppers 

and vice versa, and the list of customer trains expected to arrive in that shift. The sample data set 

also contains the default value of the decision variables at the upper level in the framework and 

the default values of the decision variables at the lower level in the framework. OptQuest is used 

separately for upper and lower levels in the framework. The decision variables are the control 

variables in OptQuest and the objectives in this formulation are also the objectives in OptQuest. 

Equation (5.2) is a constraint and Equations (5.3), (5.4) and (5.5) are responses for the train 

loading problem. Significant amount of time was spent in running the upper and lower level 

simulators and obtaining the data points for results. To solve the train loading problem, OptQuest 

was set to run for 500 simulations to obtain the best objective function values. The number of 

decision variables for that problem is 48 and running of 400 simulations takes about 20 mins. 

The number of decision variables for the machinery scheduling problem ranged from 50 to 80 

depending on the number of trucks used.  OptQuest was set to run for 500 simulations for 

solving the machinery scheduling problem that took about 50 minutes. The number of trucks was 

varied from 14 to 30. 
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Figure 5.4: Effect of variation of BTU in all pits on total revenue 

 

5.4.1 Effect of Pit and Customer Specified Qualities on Revenue in Shift 

Four pits are considered and they have BTUs following normal distribution with means 

8750, 8675, 8650 and 8750 respectively. In this experiment and the experiment described in 

5.3.2 the mine plan upper bound and lower bounds were fixed at 90000 and 3000 respectively. 

The standard deviation (s.d.) of the normal distribution of BTU coal quality of the four pits 

mentioned above, which is an uncontrollable quantity in real life, is varied and the obtained 

value of total revenue is noted. A total of 150 replications were run to estimate the confidence 

interval in revenue. For each of the three curves in Figure 5.4, the total revenue increases when 

the s.d. is between 5 and 45 before dipping suggesting that the coal has to be mixed to keep the 

s.d.in that range to obtain better revenue, with greater relative benefit obtained when customer 

quality specifications are near the highest available pit coal quality of 8750. The impacts on 
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revenue by train due to variation in BTU coal quality in pits are illustrated in Figures 5.5(a) and 

(b). It can be observed that for most trains the mean revenue is greater when s.d. is 25 or 45 

again suggesting that mixing of coal could lead to better revenue. This process can be performed 

by storing both lower s.d. and higher s.d. coal in two separate silos and mixing coal from one of 

them to decrease or increase s.d. as needed. 

 

 

Figure 5.5(a): Effect of customer specified coal quality bounds and variation in coal qualities in 

all pits on revenue by train (s.d. =standard deviation in BTU coal quality in all pits set to low) 

 

5.4.2 Effect of Mine Plan Bounds on Revenue by Train 

As the upper bound of the mine plan increases, more coal can be extracted from higher 

coal quality pits in turn increasing the total revenue. In this section, the effect of mine plan 

bounds and the varying quality of coal in all pits on the revenue by train is discussed. BTU, ash 

and sodium of all pits are assumed to follow a normal distribution and the means of their 

distributions are assumed from available data. The s.d.s are set as a percentage out of the mean of 
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each BTU, ash and sodium. For example, if mean of the normal distribution followed by BTU 

for a pit=8750, and if s.d. (Figures 5.6(a) and (b)) is set to be 0.05 percent, then standard 

deviation = 4.375 BTUs.   

From Figures 5.6(a) and (b) it can be observed that as the upper bound of the mine plan 

increases, the revenue by train increases as was thought intuitively. At higher s.d.of 0.75 percent 

in Figure 5.6 (b), it can be observed that differences in mean revenues for each train became less 

obvious suggesting that when the variation of coal quality is high, a lower mine plan upper 

bound can be adopted to conserve coal with potential to gain more revenue in the future while 

obtaining relatively less revenue at present. 

 

 

Figure 5.5(b): Effect of customer specified coal quality bounds and variation in coal qualities in 

all pits on revenue by train (s.d. =standard deviation in BTU coal quality in all pits set to high) 
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Figure 5.6(a): Effect of mine plan bounds and variation in coal qualities in all pits on revenue by 

train (s.d.=standard deviation in BTU, ash and sodium coal quality in all pits set to low) 

 

5.4.3 Shovel and Crusher Queue Statistics under Variation in Time-Based Parameters at 

the Lower Level 

The shovel and crusher queue statistics of the first two trains arriving in the shift under 

variations in truck travel times, shovel loading rates and truck dump rates at crushers are 

analyzed in this section. Assuming these time-based parameters follow a normal distribution, the 

effect of varying their s.d.s is discussed. Their s.d.s ars kept as multiples of percentage factor and 

their corresponding parameter mean. To observe the impact on queue behaviour, the percentage 

factor is varied from 0.1 to 0.0039 each time dividing by 2 (0.1 is percentage factor where in 

distribution of BTU would be N(mean of pit BTU, ( mean of pit BTU)*0.1) ,  then replace 0.1 

with 0.1/2, and then replace 0.1/2 with 0.05/2 and so on..).  
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Figure 5.6(b): Effect of mine plan bounds and variation in coal qualities in all pits on revenue by 

train (s.d.=standard deviation in BTU, ash and sodium coal quality in all pits set to high) 

 

For the first two trains, after optimization at upper level it is deemed that 7500 tons of 

coal have to drawn from pit 1 and pit 4 and they have shovel 1 and shovel 4 respectively. 750 

tons of coal has to be drawn from pit 3 and shovel 3 operates at pit 3. Crushers 1, 3 and 4 are 

active and are assigned trucks. It is to be noted that travel time to crusher 4 (which is an input to 

simulator) is more than travel time to other crushers. It is interesting to note that under increasing 

variation, the differences in queue lengths and wait times between shovels and crushers decrease 

suggesting balanced utilization of shovels and crushers (Figures 5.7(a) to (d)). Based on this fact, 

variations in time-based parameters of trucks can be deliberately introduced in the real mine to 

contribute to better health of these resources without affecting revenue. 
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Figure 5.7(a): Effect of variation in truck operational times and rates on shovel wait times  

 

5.5 Extension to the Framework using Parallel Direct Search Optimization 

To summarize the optimization problem dealt in this chapter thus far, as each train 

translates into base revenue of over $100,000 dollars, it is important that more number of trains 

are loaded each shift.  Also, if the average quality of coal delivered is better than the customer 

specified limits then additional revenue in the form of premiums are obtained.  But care has to be 

taken to avoid penalties or even rejection of a train than can result from delivering low quality to 

the customer.  The limited number of material handling equipment along with the mine plan, 

which is used to restrict amount of coal mined from pits, are the main constraints.  But 

simulation-based optimization in two stages, of large coal mines is computationally demanding.  

So, the results may not be of much practical use unless the time taken to obtain them is 

minimized.   
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Figure 5.7(b): Effect of variation in truck operational times and rates on crusher wait times  

  

As the first step towards minimizing time for optimization, train loading and machinery 

scheduling problems can be combined.  Upon combination, it results in a revenue maximization 

problem.  Still, addressing revenue maximization problems using detailed coalmine simulation 

models is computationally expensive because of large numbers of model parameters, decision 

and random variables.  To rectify this challenge, a simulation-based parallel Direct search 

optimization is proposed this section.  The main advantage of applying parallel search here is 

distribution of computational load over three computers instead of one.  The combined problem 

for the whole shift can be furthered simplified by limiting the time horizon to amount taken to 

load two trains simultaneously at each loadout.  This is based on the assumption that the trains 

have similar quality requirements and that they also start and finish loading at the same time.  

The reduced time horizon also makes hopper-silo connections and silo blend values be taken as 

simulation inputs due to the fact they don’t usually change over a period (~2hrs) that two trains 

get loaded.  Hence, the coal routing parameters after the dumps are taken as inputs for   
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Figure 5.7(c): Effect of variation in truck operational times and rates on shovel queue lengths  

 

 

Figure 5.7(d): Effect of variation in truck operational times and rates on crusher queue lengths  
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simulation.   So, the only the decision variables are the shovel and dump assignment for each 

truck.  It also implies that the truck-shovel-crusher part in previously constructed Arena model is 

the system of interest. 

The Direct search toolbox in MATLAB, whose command is patternsearch(), is used in 

experiments to optimize the simulation model.  During the Optimization procedure, firstly, the 

simulation optimization process using OptQuest that has been discussed in this chapter till 

Section 5.4 is initiated on two local computers in parallel.  When a local computer achieves a 

threshold improvement, the optimization routine is stopped and its current best decision is 

delivered to the central computer.  This asynchronous interaction also takes place when there is 

no improvement for a certain number of iterations.  In both cases, the central computer uses 

Direct search along with the list of solutions collected to search for the decision to initiate next 

round of optimization on the local computers.  The whole process is continued for a preset total 

number of iterations.  The main aim is to minimize the total time required to obtain the best 

decision variables that maximize revenue from coal dumped at crushers for each train.  Through 

comparison with optimization results obtained on a single computer using OptQuest, it is 

demonstrated that the total time involved in the proposed procedure is reduced without 

sacrificing quality of solution. 

The rest of this section is organized as follows: a brief background on related literature is 

provided in Section 5.5.1.  The mathematical formulation for the revenue maximization problem 

is given in Section 5.5.2.  A detailed description of the simulation-based parallel Direct search 

optimization as well as the infrastructure needed to implement it is provided in Section 5.5.3.  A 

discussion on the four categories of results obtained from the experiments performed in the 

control room is provided in Section 5.5.4.  Finally, conclusions are mentioned in Section 5.6.  
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5.5.1 Background 

For modeling the truck-shovel-dump systems simulation models as well as closed 

queuing networks have been used in the past. Optimization of closed queuing networks for truck-

shovel-dump systems is a very complex procedure that has not been attempted so far.  

Simulation optimization methodologies can be classified into two categories, which are the 

white-box and black-box methods (Angun and Kleijnen 2012).  In the white-box methods, the 

gradient in the search space can be estimated via few simulation runs.  In the case of perturbation 

analysis and likelihood ratio/score function method, a single simulation run is sufficient (Fu 

2006).  In the black-box method, by treating the simulation model as a black-box, Response 

Surface Methodology (RSM) and Stochastic Approximation (SA) have been widely applied to 

solve the corresponding optimization problems.  Both RSM and SA require first-order or second-

order Taylor approximations over the search space.  This requirement has limited their 

applications to objective functions that are differentiable, rendering them problematic when used 

with non-differentiable objective functions (Swann 1972; Barton and Ivey 1996).  Direct search 

optimization is a black-box method does not rely on the gradient for estimating the next point for 

iteration.  So, this method has been increasing explored over the past decade (Anderson and 

Ferris 2001; Kolda et al. 2003).  Literature on the robust design in contexts of Direct search 

methods along with mathematical programming and deterministic non-convex optimization, has 

been reviewed in (Beyer and Sendhoff 2007). Performance aspects and test scenarios for direct 

robust optimization procedures were also discussed.  According to the best knowledge of the 

author, this is one of the first efforts where a parallel Direct search optimization is applied to 

solve the revenue maximization problem in truck-shovel-dump systems. 
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5.5.2 Non-robust Revenue Maximization Formulation II 

The notations for the mathematical formulation of the revenue maximization problem are 

given in Table 5.4.  The objective function for maximizing the revenue obtained from coal 

loaded onto two trains simultaneously is given in Equation (5.17).  This term is a summation of 

base revenue, premiums and penalties on the coal delivered to each train.  In order to conserve 

coal for future customer trains, an upper bound for amount of coal that can be excavated from 

each pit, in a shift, is fixed at its beginning.  Likewise, a bound for minimum amount of coal to 

be excavated from each pit, in a shift, is fixed to ensure that pits are not underutilized.  A 

collection of such bounds for each pit is given in the mine plan.  Since the mine plan is for a 

whole shift, it is modified for two trains as shown in Equation (5.18).  Total tons delivered by 

each truck to a particular train is a function of its shovellock, dumplock (Table 5.4),  loading rate 

at shovel, its dumping rate, full haul time, empty haul times, dumps to silo connections and silos 

to loadout connections.   

This function shown in Equation (5.19) is complex and can be determined only as an 

output of simulation.  The range of the shovellock values that can be assigned to a truck is given 

in Equation (5.20). The range of the DL values that can be assigned to a truck is given in 

Equation (5.21).  In this chapter, these locks are assigned at the beginning of simulation and 

fixed.  Only the locks are the decision variables; dumps to silo connections and silos to loadout 

connections are other coal routing parameters but are taken as simulation inputs.  The expression 

used to calculate average quality of a metric delivered to a train is given in Equation (5.22).  A 

general expression used to determine the premium with respect to BTU and penalties with 

respect to other metrics is given in Equation (5.23).  Likewise, a general expression used to  
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Table 5.4: Notations defining inputs, outputs and decision variables in simulation 

Simulation 

Input 
Definition 

Simulation 

Input 
Definition 

𝑁𝑗: Number of trains in shift j 𝑁𝑆ℎ𝑜𝑣𝑒𝑙𝑠𝑗: Number of active shovels in j 

𝑋𝑘: Value of metric X of coal 

quality from shovel k where 

X = BTU, Ash or Sodium 

𝑟𝑒𝑗𝑋,𝑖: Weighted average of metric X 

of coal quality that is a limit for 

rejection of train i where X = 

BTU, 𝐴𝑠ℎ, 𝑆𝑜𝑑𝑖𝑢𝑚,
𝑆𝑢𝑙𝑓𝑢𝑟 𝑜𝑟 𝑀𝑜𝑖𝑠𝑡𝑢𝑟𝑒 

𝑅𝑖: Base revenue in dollars 

obtained from loading train i 
𝑁𝑇𝑟𝑢𝑐𝑘𝑠𝑗: Number of active trucks in shift 

j 
𝑃𝑟𝑋,𝑖: Premium in dollars obtained 

from train i on metric X of 

coal quality where X = BTU, 
𝐴𝑠ℎ, 𝑆𝑜𝑑𝑖𝑢𝑚,
𝑆𝑢𝑙𝑓𝑢𝑟 𝑜𝑟 𝑀𝑜𝑖𝑠𝑡𝑢𝑟𝑒 

𝑟𝑒𝑞𝑙𝑜𝑤𝑒𝑟𝑋,𝑖: Lower bound value of metric X 

of coal quality required by train 

i where X = BTU,  A𝑠ℎ,
𝑆𝑜𝑑𝑖𝑢𝑚,   𝑆𝑢𝑙𝑓𝑢𝑟 𝑜𝑟 𝑀𝑜𝑖𝑠𝑡𝑢𝑟𝑒 

𝑃𝑒𝑋,𝑖: Penalty in dollars incurred 

from train i on metric X of 

coal quality where X = BTU, 
𝐴𝑠ℎ, 𝑆𝑜𝑑𝑖𝑢𝑚,
𝑆𝑢𝑙𝑓𝑢𝑟 𝑜𝑟 𝑀𝑜𝑖𝑠𝑡𝑢𝑟𝑒 

𝑟𝑒𝑞𝑢𝑝𝑝𝑒𝑟𝑋,𝑖: Upper bound value of metric X 

of coal quality required by train 

i where X = BTU, 𝐴𝑠ℎ,
𝑆𝑜𝑑𝑖𝑢𝑚, 𝑆𝑢𝑙𝑓𝑢𝑟 𝑜𝑟 𝑀𝑜𝑖𝑠𝑡𝑢𝑟𝑒 

𝑈𝑀𝑃𝑘,𝑗: Maximum amount of coal in 

tons that can be excavated by 

shovel k in shift j 

𝐿𝑀𝑃𝑘,𝑗: Minimum amount of coal in 

tons to be excavated by shovel 

k in shift j 
𝐶1, 𝐶2: Constants 𝜑: {

𝐵𝑇𝑈, 𝐴𝑠ℎ, 𝑆𝑜𝑑𝑖𝑢𝑚, 𝑆𝑢𝑙𝑓𝑢𝑟,
𝑀𝑜𝑖𝑠𝑡𝑢𝑟𝑒

} 

𝐷𝑢𝑚𝑝
− 𝑠𝑖𝑙𝑜   
𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠: 

Set of connections from 

dumps to a silos  

𝑆𝑖𝑙𝑜𝑏𝑙𝑒𝑛𝑑
𝑣𝑎𝑙𝑢𝑒𝑠 𝑖

: Set of connections from each 

silo to a train i 

𝑙𝑜𝑎𝑑𝑟𝑎𝑡𝑒𝑘: Loading rate in tons per sec 

at shovel k. 
𝑑𝑢𝑚𝑝𝑟𝑎𝑡𝑒𝑙: Dumping rate in tons per sec by 

truck l 
𝑓𝑢𝑙𝑙ℎ𝑎𝑢𝑙
𝑡𝑖𝑚𝑒 𝑙

: Time for loaded truck l at 

shovel to reach dump 

𝑒𝑚𝑝𝑡𝑦ℎ𝑎𝑢𝑙
𝑡𝑖𝑚𝑒 𝑙

: Time for empty truck l at dump 

to reach shovel 

Simulation  

Output 
Definition 

𝑇𝑜𝑛𝑠𝑘,𝑖
𝑙 : Actual amount of tons loaded from shovel k by truck l and dumped for 

delivering to train i 
𝑑𝑒𝑙𝑋,𝑖 Weighted average of metric X of coal quality delivered to train i where X = 

BTU, 𝐴𝑠ℎ, 𝑆𝑜𝑑𝑖𝑢𝑚, 𝑆𝑢𝑙𝑓𝑢𝑟 𝑜𝑟 𝑀𝑜𝑖𝑠𝑡𝑢𝑟𝑒 

Decision 

Variable 
Definition 

Decision 

Variable 
Definition 

𝑆𝐿𝑙: shovellock: the shovel to 

which truck l is locked 
𝐷𝐿𝑙: dumplock : the dump to which 

truck l is locked  
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determine the penalty with respect to BTU and premiums with respect to other metrics is given 

in Equation (5.24).  To ensure that the train is not rejected, the average of BTU delivered to a 

train should be greater than the rejection limit as given in Equation (5.25).  Likewise, to ensure 

that the train is not rejected, the average of other metrics delivered to a train should be lesser than 

their rejection limits as given in Equation (5.26).   

 

max E[∑ (𝑅𝑖 + ∑ 𝑃𝑟𝑋,𝑖𝜑 − ∑ 𝑃𝑒𝑋,𝑖𝜑 )2
𝑖=1 ]                                     Eq.(5.17) 

 

𝐿𝑀𝑃𝑘,𝑗 ∗ 2/𝑁𝑗 ≤ ∑ 𝑇𝑜𝑛𝑠𝑘,𝑖
2
𝑖=1 ≤ 𝑈𝑀𝑃𝑘,𝑗 ∗ 2/𝑁𝑗                      Eq.(5.18) 

  𝑇𝑜𝑛𝑠𝑘,𝑖
𝑙 = 𝑓(⋃ {𝑆𝐿𝑙 , 𝐷𝐿𝑙}

𝑁𝑇𝑟𝑢𝑐𝑘𝑠𝑗
𝑙=1 , 𝑙𝑜𝑎𝑑𝑟𝑎𝑡𝑒𝑘,

𝑑𝑢𝑚𝑝𝑟𝑎𝑡𝑒𝑙, 𝑓𝑢𝑙𝑙ℎ𝑎𝑢𝑙𝑡𝑖𝑚𝑒𝑙, 𝑒𝑚𝑝𝑡𝑦ℎ𝑎𝑢𝑙𝑡𝑖𝑚𝑒𝑙 𝐷𝑢𝑚𝑝 − 𝑠𝑖𝑙𝑜𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠, 𝑆𝑖𝑙𝑜𝑏𝑙𝑒𝑛𝑑𝑣𝑎𝑙𝑢𝑒𝑠𝑖) 

Eq.(5.19) 

 

1 ≤ 𝑆𝐿𝑙 ≤ 𝑁𝑆ℎ𝑜𝑣𝑒𝑙𝑠𝑗                                              Eq.(5.20) 

 

1 ≤ 𝐷𝐿𝑙 ≤ 4                                            Eq.(5.21)  

 

𝑑𝑒𝑙𝑋,𝑖 =
∑ 𝑇𝑜𝑛𝑠𝑘,𝑖∗𝑋𝑘
𝑁𝑆ℎ𝑜𝑣𝑒𝑙𝑠𝑗
𝑘=1

∑ 𝑇𝑜𝑛𝑠𝑘,𝑖
𝑁𝑆ℎ𝑜𝑣𝑒𝑙𝑠𝑗
𝑘=1

, ∀𝑋 ∈ 𝜑                            Eq.(5.22) 

𝑌𝑋,𝑖 = 𝐶 (
𝑑𝑒𝑙𝑋,𝑖

𝑟𝑒𝑞𝑢𝑝𝑝𝑒𝑟
𝑋,𝑖

− 1) , 𝑖𝑓 ((𝑌, 𝑋, 𝐶) = (𝑃𝑟, 𝐵𝑇𝑈, 𝐶1) 𝑜𝑟 (𝑃𝑒, {𝑋 ∈ 𝜑: 𝑋 ≠ 𝐵𝑇𝑈}, 𝐶2)) 

  𝑎𝑛𝑑 𝑖𝑓 (𝑑𝑒𝑙𝑋,𝑖 ≥ 𝑟𝑒𝑞𝑢𝑝𝑝𝑒𝑟𝑋,𝑖), 𝑒𝑙𝑠𝑒 0                                   Eq.(5.23) 
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 𝑌𝑋,𝑖 = 𝐶 (1 −
𝑑𝑒𝑙𝑋,𝑖

𝑟𝑒𝑞𝑙𝑜𝑤𝑒𝑟𝑋,𝑖
) , 𝑖𝑓((𝑌, 𝑋, 𝐶) = (𝑃𝑒, 𝐵𝑇𝑈, 𝐶2) 𝑜𝑟 (𝑃𝑟, {𝑋 ∈ 𝜑: 𝑋 ≠ 𝐵𝑇𝑈}, 𝐶1))     

𝑎𝑛𝑑 𝑖𝑓 (𝑑𝑒𝑙𝑋,𝑖 ≤ 𝑟𝑒𝑞𝑙𝑜𝑤𝑒𝑟𝑋,𝑖), 𝑒𝑙𝑠𝑒 0                     Eq.(5.24)  

      

𝑑𝑒𝑙𝑋,𝑖 ≥ 𝑟𝑒𝑗𝑋,𝑖, 𝑋 =  𝐵𝑇𝑈                                         Eq.(5.25) 

 

𝑑𝑒𝑙𝑋,𝑖 ≤ 𝑟𝑒𝑗𝑋,𝑖, {𝑋 ∈ 𝜑: 𝑋 ≠ 𝐵𝑇𝑈}                                Eq.(5.26) 

 

5.5.3 Simulation-based Parallel Direct Search Optimization 

A description of the environment in the control room where the proposed optimization 

procedure is implemented is provided in this paragraph (Figure 5.8).  As noted earlier, only three 

computers are used for the distributed simulation-based optimization.  Two desktops serve as 

local computers and the third desktop serves as Central computer (C).  Both the local computers, 

L1 and L2, contain simulator and MATLAB file for running the patternsearch() built-in function.  

C contains a MATLAB file for running the patternsearch() built-in function that takes into 

account the list of all previously visited decision variable sets, separately for each local computer.  

These computers have access to the real data stored in data warehouse.  This data is frequently 

updated from sensors situated on different material handling equipment at the mine.  The fleet 

managers have the task of routing real mine equipment in such a way that the revenue in a shift 

for the mine is maximized.  In addition, the primary operators of this procedure and users of the 

optimization results are the fleet managers.   
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Figure 5.8: UML Component diagram of the people, software and data for obtaining 

optimization results 

 

The interactions that take place during the proposed optimization procedure are as 

follows (Figure 5.9):  1) Fleet manager queries and obtains data corresponding to a particular 

datetime from the data warehouse.  This data is viewed using the User Interface. 2) Initiation of 

procedure in C by running a MATLAB file called patternsearch_C.m.  This file contains the 

code that is used to keep checking for the next best set of decision variables for each local 

computer.  Also, the code for calling patternsearch()  to pass on the best set of decision variables 

is in this file.  3) Initiation of procedure in local computers by running patternsearch_L1.m and 

patternsearch_L2.m.  This is followed by the simulators on L1, L2 getting activated to read and 

store input data in them.  4) The current best set of decision variables from L1 whose 

improvement in objective function value is above a threshold is passed to C.   

 

«executable»
Simulator_L1

Fleet manager
«table»

User interface
«table»

Data Warehouse

«executable»
Simulator_L2«executable»
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Input Data
Best Decision Variables

Decison Variables
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Input Data

«executable»
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Decison Variables

«executable»
patternsearch_C

Best Decision Variables
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Figure 5.9: UML Sequence diagram for interactions between objects during optimization 

 

This set is also passed if there is no improvement for a preset number of iterations.  In 

turn, this set is used by C along with previously obtained sets of decision variables to perform an 

iteration using patternsearch() and deliver the next inital set to L1.  This set is used by L1, as the 

starting solution for next round of optimization.  The current best set of decision variables from 

L2 whose improvement in objective function value is above a threshold is passed to C.  This set 

is also passed if there is no improvement for a preset number of iterations.  In turn, this set is 

used by C along with previously obtained sets of decision variables to perform an iteration using 

patternsearch() and deliver the next intial set to L2.  This set is used by L2, as the starting 

solution for next round of optimization. 5) The whole operation is performed until predetermined 
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number of maximum iterations is performed in C. patternsearch_L1.m and patternsearch_L2.m 

are the MATLAB files in L1 and L2 respectively that calling the patternsearch() code. 

 

5.5.4 Parallel Direct Search on 3 Desktops vs. OptQuest on One Desktop 

The following computer configuration is used for performing experiments to demonstrate 

the proposed simulation-based parallel Direct search optimization: 1) L1 and L2  have 8 GB 

RAM, 1 TB hard drive with 64-bit Windows 7 operation system, MATLAB 2010b and Arena 

13.9.  2) C has 8 GB RAM, 1 TB hard drive with 64-bit Windows 7 operation system and 

MATLAB 2010b.  3) Windows Server 2008 installed with MS SQL Server 2008.  All three 

computers have access to an MS SQL Server data warehouse at the university containing exact 

copy of the real data in the data warehouse located remotely at the case study.  5 replications are 

used for each simulation run.  The shovellock and dumplock for each truck are collectively the 

decision variables. They are assigned to each truck at the beginning of each simulation run and 

are assumed to remain fixed for the whole run. Four important categories of results are discussed 

through the experiments. They are as follows: 1) Load distribution between the L1, L2 and C for 

different shifts during optimization procedure.  2) Sensitivity analysis of effects of coal quality 

on revenue.  3) Comparison of revenue and 4) time to fill trains with optimization using 

OptQuest on simulator in one computer for different shifts.  Time to fill trains is the time from 

start of simulation run until tons of coal worth the full capacity of two trains is delivered at the 

dumps.   

Equipment data from twelve different shifts are chosen for the first category of 

experiments.  The number of active trucks and number of active shovels are increased when 

going from shift-1 to shift-12. Specifically, the trucks are increased in increments of 2 between 
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each shift and shovels are increased in increments of 1 after 4 shifts.  For shift-1, the number of 

active trucks are 16 and number of active shovels are 4.  All four dumps were available in all 

shifts. The complete loading process of two trains is simulated. It is assumed that the customer 

quality specifications for each train, hopper-silo connections, blend-set points, capacities of 

trains (16,000 tons) are same in all shifts.  The number of iterations for the proposed procedure is 

the same as cumulative number of iterations taken by patternsearch() from start to end of the 

procedure in C.  It can be noted from Figure 5.10(a) that the number of iterations to arrive at the 

optimal increases as the shift being considered changes from shift-1 to shift-12.  This behavior is 

observed is due to the increase in search space resulting from increase in queue lengths at 

shovels, which is in turn caused by increase in number of active trucks.  Also, it can be observed 

that increase in number of shovels doesn’t have much impact on decreasing the queue lengths 

enough to decrease the total number of iterations.   

The number of active trucks and shovels in shift-6 are representative of typical status at 

the case study. So, that shift is chosen for the second category of experiments.  The result of 

increasing the customer specified minimum BTU for shift-5 (𝑟𝑒𝑞𝑙𝑜𝑤𝑒𝑟𝑋,𝑖) on the train revenue 

and time to fill trains is shown in Figure 5.10(b).  It can be observed that the increase in customer 

specified BTU not only leads to decrease in revenue as a natural consequence, but also to a 

decrease in the time to fill trains.  A comparison of performances between proposed optimization 

procedure and OptQuest is shown in Figure 5.10(c). Firstly, the numbers of iterations needed to 

arrive at the optimal for each shift is shown are compared.  OptQuest is allowed to run for 5000 

iterations to determine the optimal for each shift.  The actual times to arrive at the optimals for 

each procedure are also shown.  But the actual time to arrive at the optimals for the proposed 

procedure is greater than that taken by OptQuest for shift-7 and above.  This behavior is 
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observed due to the increase in search space resulting from the number of possible truck 

assignments to shovels in these shifts.  Hence, large numbers of iterations are required to make 

the threshold improvement in the objective function each time optimization procedure is started 

in the local computers.  These times can be decreased by increasing number of local computers, 

where by which larger search space can be searched in parallel.  Secondly, it can be noted from 

Figure 5.10(d) the revenue values obtained by the current procedure are similar to the one 

obtained with OptQuest.   

 

 

Figure 5.10(a): Procedure performance with increase in number of active equipment 
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Figure 5.10(b): Effect of customer specified minimum BTU on maximum revenue 

                                                                           

 

Figure 5.10(c): Proposed procedure vs. OptQuest on time to optimal 
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Figure 5.10(d): Proposed procedure vs. OptQuest on maximum revenue 

 

5.6 Conclusions from this Chapter 

In this chapter a two-level hierarchical simulation-based framework is proposed for 

optimal planning in an actual coal mine. The goal of this framework is to maximize the revenue 

of the mine in each shift by determining the optimal train loading plan and machinery scheduling 

plan for loading each train in that shift after solving a train loading problem at the upper level 

and a machinery scheduling problem at the lower level. An extensive simulation model of the 

mine is built in Arena. The model is abstracted at the upper level where it contains coal flow 

directly from pits to loadouts without trucks, hoppers, conveyors and silos in between, and at the 

lower level the same extensive simulation model of the mine is used. OptQuest is used to resolve 

the problems at both the levels. Real data from the mine is used to conduct experiments for 

validating the framework. It is observed from experimental results that greater revenues are 

obtained when variations in coal quality are within some ranges suggesting mixing of coal using 



 

166 
 

silos to either increase or decrease variations as needed. It is also observed that mine plan bounds 

could be stricter under increasing variation in coal quality, and that increasing variations in truck 

travel times, shovel loading and truck dumping rates may contribute to better shovel and crusher 

machine health.  

Later, a simulation-based parallel Direct search optimization is proposed to maximize 

revenue derived from every two trains in a surface coal mine.  This revenue maximization 

problem is a slightly modified combination of train loading and machinery scheduling problems 

discussed above.  Truck-shovel-dump is the specific system of interest in simulation model of 

the case study.  The decision variables considered in the optimization problem are the shovels 

and dump assignment to trucks.  Other coal routing parameters applied beyond the dumps such 

as dump to silo connections and silo blend values are taken as inputs.  Two local computers are 

used to perform parallel search in the optimization using MATLAB’s patternsearch() built-in 

function and a central computer is used to restart optimization in these computers once their 

improvements are above a threshold.  From the experiments, it can be noted that when the 

numbers of possible truck assignments are not large, the proposed procedure can be used to 

obtain optimal in shorter time and iterations in comparison with OptQuest without sacrificing the 

quality of the solution.   
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CHAPTER 6 

6 ROBUST REVENUE MAXIMIZATION USING RESPONSE SURFACE     

METHODOLOGY AND COMMON RANDOM NUMBERS 

A robust simulation-based optimization approach is proposed in this chapter for the case 

study.  The different factors arising from material handling operations that are deemed to affect 

the variance of revenue are first classified into 1) controllable (e.g. truck assigned to routes) 2) 

uncontrollable (e.g. inverse of sum over truck haul, shovel loading and truck dumping times) 

categories.  The highly detailed data-driven simulation model constructed in Arena has been 

used.   Historical production data is used as input for simulation.  An expression for variance of 

the revenue obtained in the simulation model is constructed using RSM.  LHS is applied for 

constructing the design matrix and CRN is applied for inducing correlation between design 

points.   The use of CRN is theoretically shown to result in reductions in errors in variance 

estimates for 2-point and k-point response surfaces.  The variance expression is then plugged 

into OptQuest (search-based simulation optimization software) as a constraint.  Finally, the 

performance of proposed approach in obtaining maximum revenue with a narrow confidence 

interval is compared with that of OptQuest with random sampling and without the use of 

common random numbers. 

 

6.1 Goal and Objectives in this Chapter 

The goal of this chapter is to develop a metamodel-based simulation optimization 

approach to obtain robust maximum revenue in a coal mine.  The first objective is to obtain a 

closed-form expression of the revenue using RSM and then derive expression of its variance.  A 

second-order response surface with linear coefficients is considered.  LHS is used for sampling 
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design points, and CRN is used to generate pseudo-random number sequences for uncontrollable 

factors.  Feasible generalized least squares (FGLS) method is used to estimate metamodel 

coefficients.  Theoretical basis for reduction--due to CRN--in expected value as well as variance 

of error in estimated variance of response for a tractable 2-point response surface and a k-point 

response surface, with design matrix containing orthonormal columns is also presented.  The 

second objective is to plug the variance expression as an additional constraint in the 

mathematical formulation for maximization of revenue, and then optimize using search-based 

metaheuristics embedded in OptQuest (add-on for Arena).   

During the optimization procedure, the uncontrollable factors in metamodel are replaced 

by means of their respective probability distributions.  To perform fair comparison with 

optimization performance of OptQuest combined with random sampling, the simulation model is 

applied to evaluate the objective instead of the metamodel expression.   

The structure of rest of this chapter is described in this paragraph.  A 2-point as well as a 

k-point response surface are theoretically shown to have error reduction in estimated variance of 

response using CRN, in Section 6.2.  An overview of robust revenue-maximization problem 

formulation is also provided in that section.  The flowchart of the combined RSM, CRN, LHS 

and OptQuest-based optimization procedure is provided in Section 6.3, along with the 

description of experiments performed to obtain robust-maximum revenue.  The impact of 

number of trucks on this maximum revenue obtained is also discussed.  Finally, conclusions are 

drawn in Section 6.4. 
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6.2 Proposed Metamodel-Based Simulation Optimization Approach 

6.2.1 Error Reduction in Estimated Variance for 2-point and k-point Response Surfaces 

Before the error reduction using CRN for 2-point and k-point response surfaces can be 

theoretically demonstrated, certain assumptions are required.  Many of them along with notations 

used in mathematical expressions for this chapter are same as those made in Chen et al. (2012) 

for derivations that were made to show the effect of CRN on prediction of 2-point and k-point 

Kriging response surfaces. It is assumed that the form of the covariance matrix as well as its 

parameters are known for the derivations, and so MLE method is assumed to be applied to obtain 

the coefficients of the 2-point and k-point response surfaces.  The variance of the residuals at 

different points in the response surface are assumed to be homogenous but with non-zero 

covariance between them.  Thus, it is similar to Generalized Least Squares (GLS).  The GLS 

estimate of the coefficients is same as that of the MLE estimate when the residuals are assumed 

to follow a normal distribution.  The same distribution also has the mean zero in this chapter.  

The basic idea behind MLE is to 1) obtain the derivative of log-likelihood of the entire dataset 

with respect to coefficients; and 2) obtain the set of coefficients by setting the derivative to zero.  

The other assumptions of this chapter are given below: 

 

1. Let 𝜖 be one sub-category of residuals that is random noise not attributed to any source.  

If its values across different design points are uncorrelated then the effect of CRN is not 

altered.  However, if its values across design points are correlated some assumptions are 

needed to be made about the correlations.  This is done so as to make the final residual 

covariance matrix not have many parameters to be determined.  For all purposes, this 

random noise is assumed to be insignificant and therefore won’t figure in derivations.   
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2. There is no lack-of-fit in the model.  Hence, lack-of-fit error is not considered. 

 

3. 𝜀𝑖𝑗~ 𝜀𝑗(𝒙𝒊), belong to the other category, and the important one, of residuals. It is the 

random noise from 𝑗𝑡ℎ  replication of design point 𝒙𝒊  attributable to pseudo-random 

generator. 

 

4. For each design point 𝒙𝒊  𝑖 = 1,2, … . . , 𝑘 , the residuals from different replications 

𝜀1(𝒙𝒊), 𝜀2(𝒙𝒊),… . 𝜀𝑛(𝒙𝒊) are identical and normally distributed.  

 

5. For the 𝑗𝑡ℎ  replication 𝑗 = 1,2, … . , 𝑛  the 𝑘 × 1  vector of residuals across all design 

points 𝜀𝑗(𝒙𝟏), 𝜀𝑗(𝒙𝟐),… . 𝜀𝑗(𝒙𝒌) are identical and normally distributed.  The correlation 

between residuals at same replication 𝜀𝑗(𝒙𝟏), 𝜀𝑗(𝒙𝟐)… . 𝜀𝑗(𝒙𝒌) across design points are 

induced by CRN. 

 

6. The mean residuals across design points {𝜀�̅�}, 𝜀�̅� =
∑ 𝜀𝑗(𝒙𝒊)
𝑛
𝑗=1

𝑛
, 𝑖 = 1,2, . . , 𝑘  follow a 

multivariate normal distribution with mean 0 and covariance matrix 𝛀. 

 

Let  𝑦 = 𝛽0 + 𝛽1𝑥 + 𝜖, be the true 2-point response surface metamodel of a simulation 

model with a single uncontrollable factor 𝑥.  After dropping 𝜖, this can be rewritten as 𝑦 = 𝛽0 +

𝛽1𝜇𝑥 + 𝜀  equivalent to  𝑦 = 𝛽0 + 𝛽1𝑥, with 𝜇𝑥 denoting mean of the uncontrollable factor 𝑥 and 

𝜀 denoting random noise due to pseudo-random generator.  The sample mean value of y can be 
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written as �̅� = 𝛽0 + 𝛽1𝜇𝑥 + 𝜀̅ with 𝜀̅ → 0 as number of observations → ∞; the mean response 

𝑌 = 𝛽0 + 𝛽1𝜇𝑥 .  So, for 𝑖𝑡ℎ  point and 𝑗𝑡ℎ  observation, 𝑦𝑖𝑗 = 𝛽0 + 𝛽1𝜇𝑥𝑖 + 𝜀𝑖𝑗 , equivalent to 

𝑦𝑖𝑗 = 𝛽0 + 𝛽1𝑥𝑖𝑗.  The sample mean value of response at this point is [�̅�𝑖]𝑛 = 𝛽0 + 𝛽1𝜇𝑥𝑖 + 𝜀�̅�, 

with 𝜀�̅� denoting the sample mean of the residuals over 𝑛 observations; hence, mean response at 

this point 𝑌𝑖 = [�̅�𝑖]∞ = 𝛽0 + 𝛽1𝜇𝑥𝑖 .  If the true response surface is unknown, then it is 

constructed based on simulation inputs and responses.  In that case, the estimated mean of 

response is [�̂�𝑖]𝑛 = [�̂�0]𝑛 + [�̂�1]𝑛𝜇𝑥𝑖, where 𝑛 replications were performed at each design point.  

This mean is expectation calculated over variation from aleatory uncertainty alone in the factor.  

Also, the expectation of estimated mean response at 𝑖𝑡ℎ  point can be written as 𝐸 [[�̂�𝑖]𝑛] =

𝐸[[�̂�0]𝑛] + 𝐸[[�̂�1]𝑛]𝜇𝑥𝑖  with the cap and the 𝑛 on the coefficients ([�̂�0]𝑛, [�̂�1]𝑛) indicating they 

are estimated using 𝑛 replications.  The true variance of response 𝑉𝑎𝑟[𝑦] due to this uncertainty 

can be given as in  Equation (6.1). 

 

𝑉𝑎𝑟[𝑦] = 𝛽1
2𝜎𝑥

2                                               Eq.(6.1) 

 

The covariance matrix for the residual errors can be given as in Equation (6.2). 

 

𝛀 = (
𝑉𝑎𝑟[𝜀1̅] 𝐶𝑜𝑣[𝜀1̅, 𝜀2̅]

𝐶𝑜𝑣[𝜀1̅, 𝜀2̅] 𝑉𝑎𝑟[𝜀2̅]
 )                                 Eq.(6.2) 

 

It is assumed the correlation induced by CRN will result in compound symmetry for 𝛀 of 

form  
𝜃𝜀
2

𝑛
 (
1 𝜌
𝜌 1

 ) , where 
𝜃𝜀
2

𝑛
 is homogenous variance and 𝑛  is number of replications.  The 
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coefficients of this metamodel can be estimated using any two design points.  They can be 

written as shown below in Equation (6.3). 

 

�̂�0 =
�̅�1𝜇𝑥2−�̅�2𝜇𝑥1

𝜇(𝑥2−𝑥1)
; �̂�1 =

�̅�2−�̅�1

𝜇(𝑥2−𝑥1)
                                       Eq.(6.3) 

 

The estimated variance of response,  [𝑉𝑎𝑟[𝑦]̂ ]
𝑛

, is of focus in this chapter. Using 

Equation (6.1) and plugging in the coefficient estimator for 𝛽1, [𝑉𝑎𝑟[𝑦]̂ ]
𝑛
= [�̂�1

2]
𝑛
𝜎𝑥
2 .   We 

intend to obtain a closed form expression for it and plug it as constraint in OptQuest.  The 

variance of estimated mean response-- 𝑉𝑎𝑟 [[�̂�]
𝑛
] , which is equivalent to 𝑉𝑎𝑟 [[�̂�0]𝑛] +

𝜇𝑥
2𝑉𝑎𝑟 [[�̂�1]𝑛] + 2𝜇𝑥𝐶𝑜𝑣 [[�̂�0]𝑛, [�̂�1]𝑛]—is different by definition from estimated variance of 

response.   

We are interested in determining the combined effect of limited number of replications 𝑛 

and CRN on general estimated variance of response; specifically, to know how much its 

expectation over differs from case were we to perform infinite replications 𝐸 [[𝑉𝑎𝑟[𝑦]̂ ]
𝑛
−

[𝑉𝑎𝑟[𝑦]̂ ]
∞
].  Since large number of replications are not feasible for complex simulations, this 

difference will help us know the sampling error due to pseudo random number generation 

through CRN technique during metamodel fitting.     

𝐸 [[𝑉𝑎𝑟[𝑦]̂ ]
𝑛
− [𝑉𝑎𝑟[𝑦]̂ ]

∞
]  is equivalent to 𝐸 [[�̂�1

2]
𝑛
𝜎𝑥
2 − [�̂�1

2]
∞
𝜎𝑥
2] .  The expected 

value can be rewritten as 𝜎𝑥
2𝐸 [[�̂�1

2]
𝑛
− [�̂�1

2]
∞
], since there is variation in estimators across 

whole fitting experiments.   Since [�̅�𝑖]𝑛 = [�̅�𝑖]∞ + 𝜀�̅�  and therefore as number of replications 

becomes large or as 𝑛 → ∞, [�̅�𝑖]𝑛 → [�̅�𝑖]∞.  Substituting the estimated values of coefficients as 
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functions of design points, we arrive at 𝐸 [[𝑉𝑎𝑟[𝑦]̂ ]
𝑛
− [𝑉𝑎𝑟[𝑦]̂ ]

∞
] =   

𝜎𝑥
2

𝜇(𝑥2−𝑥1)
2 𝐸[[(�̅�2 −

�̅�1)
2]𝑛 − [(�̅�2 − �̅�1)

2]∞] .  Upon simplification this yields 𝐸 [[𝑉𝑎𝑟[𝑦]̂ ]
𝑛
− [𝑉𝑎𝑟[𝑦]̂ ]

∞
] =

𝜎𝑥
2

𝜇(𝑥2−𝑥1)
2 𝐸[(𝜀2̅ − 𝜀1̅)

2] which finally results in Equation (6.4).  Hence, if [𝑉𝑎𝑟[𝑦]̂ ]
𝑛
− [𝑉𝑎𝑟[𝑦]̂ ]

∞
 

is termed as error in estimated variance of response, increasing 𝜌  using CRN decreases the 

expectation of this error.  Here, we assume at sufficiently large replications true estimated 

variance of response can be obtained.  This also means that 𝐸 [[�̂�1]𝑛 − [�̂�1]∞]
2

=
2𝜃𝜀

2(1−𝜌)

𝑛𝜇(𝑥2−𝑥1)
2  or 

squared error in estimation of slope decreases with increasing 𝜌.  Thus, CRN reduces expected 

value of error in estimation of variance of 2-point response surface.   

 

𝐸 [[𝑉𝑎𝑟[𝑦]̂ ]
𝑛
− [𝑉𝑎𝑟[𝑦]̂ ]

∞
] =

2𝜃𝜀
2𝜎𝑥
2(1−𝜌)

𝑛𝜇(𝑥2−𝑥1)
2                          Eq.(6.4) 

 

Next we show that variance of error in variance at points 2-point response surface is also 

decreased by increasing 𝜌.  Variance of error can be written as 𝑉𝑎𝑟 [[𝑉𝑎𝑟[𝑦]̂ ]
𝑛
− [𝑉𝑎𝑟[𝑦]̂ ]

∞
].  

This can be expanded as shown in Equation (6.5). 

 

𝜎𝑥
4

𝑛2𝜇(𝑥2−𝑥1)
4 𝐸[((𝜀2̅ − 𝜀1̅)

2 + 2(𝜀2̅ − 𝜀1̅)[�̅�2 − �̅�1]∞)
2] −

4𝜃𝜀
4(1−𝜌)2

𝑛2𝜇(𝑥2−𝑥1)
4              Eq.(6.5) 

 

To simplify Equation (6.5) we apply properties of multivariate normal distributions.  

Since according to the assumptions 𝜀1, 𝜀2 are identically distributed and belong to multivariate 
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normal, given any four identical normal distributions 𝑋1, 𝑋2, 𝑋3, 𝑋4 , the expected value of 

product of these distributions can written as shown in Equation (6.6).  

 

𝐸[𝑋1𝑋2𝑋3𝑋4] = 𝜇12𝜇34 + 𝜇13𝜇24 + 𝜇14𝜇23; 𝜇𝑖𝑗 = 𝐸[𝑋𝑖𝑋𝑗], i=1,2,3; j=2,3,4       Eq.(6.6) 

 

Equation (6.6) is obtained since expected value of product of odd numbers of these 

individual normal distributions in multivariate normal distribution each with mean 0 equals zero.  

In other words,  𝐸[𝑋𝑖𝑋𝑗𝑋𝑘] = 0, where i,j,k ∈ {1,2,3,4}.  Upon expansion and simplification 

using property in Equation (6.6), the variance of error in estimated variance can be written as 

shown in Equation (6.7).   

 

𝑉𝑎𝑟 [[𝑉𝑎𝑟[𝑦]̂ ]
𝑛
− [𝑉𝑎𝑟[𝑦]̂ ]

∞
] =

8𝜃𝜀
2𝜎𝑥
4(1−𝜌)

𝑛𝜇(𝑥2−𝑥1)
4 (

𝜃𝜀
2(1−𝜌)

𝑛
+ ([�̅�2]∞ − [�̅�1]∞)

2)       Eq.(6.7) 

Thus, increasing 𝜌  using CRN reduces variance in error in estimated variance.  

Additionally, the variance in estimated metamodel coefficients also decreases with increasing 𝜌 

as shown in Equation (6.8).  This means that CRN also reduces variances of coefficients of 

response surface metamodel if 𝜇𝑥1𝑥2 > 0, as is known from literature. 

 

𝑉𝑎𝑟 [[�̂�0]𝑛] =
𝜃𝜀
2

𝑛
(1 +

2𝜇𝑥1𝑥2(1−𝜌) 

𝜇(𝑥2−𝑥1)
2 ); 𝑉𝑎𝑟 [[�̂�1]𝑛] =

2𝜃𝜀
2(1−𝜌)

𝑛𝜇(𝑥2−𝑥1)
2 ; 

𝐶𝑜𝑣 [[�̂�0]𝑛, [�̂�1]𝑛] = −
𝜃𝜀
2𝜇(𝑥1+𝑥2)(1−𝜌)

𝑛𝜇(𝑥2−𝑥1)
2                            Eq.(6.8) 
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𝑉𝑎𝑟[[�̂�]𝑛] is the variance of estimated response due to use of pseudo-random generator 

for estimating the response surface coefficients as well as aleatory uncertainty in the 

uncontrollable factor.  Since, the metamodel coefficients’ vector �̂� is estimated, 𝑉𝑎𝑟[[�̂�]𝑛] can 

be expanded into expectation and variance conditioned on �̂�  as 𝑉𝑎𝑟 [𝐸 [�̂�|[�̂�]
𝒏
]] +

𝐸 [𝑉𝑎𝑟 [�̂�|[�̂�]
𝒏
]] .  Upon simplifying, 𝑉𝑎𝑟 [𝐸 [�̂�|[�̂�]

𝒏
]] = 𝑉𝑎𝑟 [[�̂�]

𝑛
]  and 𝐸 [𝑉𝑎𝑟 [�̂�|[�̂�]

𝒏
]] =

𝐸 [[𝑉𝑎𝑟[𝑦]̂ ]
𝑛
] ; hence, 𝑉𝑎𝑟[[�̂�]𝑛] = 𝑉𝑎𝑟 [[�̂�]𝑛] + 𝐸 [[𝑉𝑎𝑟

[𝑦]̂ ]
𝑛
] .  𝑉𝑎𝑟 [[�̂�]

𝑛
]  can be then 

expressed as given in Equation (6.9).   𝑉𝑎𝑟[[�̂�]𝑛] − 𝑉𝑎𝑟[[�̂�]∞], which can be expanded as 

𝑉𝑎𝑟 [[�̂�]
𝑛
] − 𝑉𝑎𝑟 [[�̂�]

∞
] + 𝐸 [[𝑉𝑎𝑟[𝑦]̂ ]

𝑛
− [𝑉𝑎𝑟[𝑦]̂ ]

∞
], is defined as the error in variance of 

estimated response due to use of limited number of replications for estimating the response 

surface coefficients (Equation (6.10)). If 𝜇(𝑥0−𝑥1)(𝑥0−𝑥2) > 0 , error in variance of estimated 

response will still be decreasing by increasing 𝜌.  This is the case during extrapolation when 𝜇𝑥0 

is outside the region between the design points. Else, if interpolated, which is usually the case, 

then 𝜇(𝑥0−𝑥1)(𝑥0−𝑥2) < 0.  In that case, if 𝜇(𝑥0−𝑥1)(𝑥0−𝑥2) + 𝜎𝑥
2 > 0 then this error will still be 

decreased by increasing 𝜌 .  Otherwise, it is not useful to apply CRN to obtain variance of 

estimated response.  However, since we intend to have the expression for estimated variance to 

be plugged into OptQuest as a constraint to filter out candidates with high variance, only the 

effect of CRN on estimated variance is important.    

 

𝑉𝑎𝑟 [[�̂�]
𝑛
] =

𝜃𝜀
2

𝑛
(1 + 2(1 − 𝜌)

𝜇(𝑥0−𝑥1)(𝑥0−𝑥2)

𝜇(𝑥2−𝑥1)
2 )                        Eq.(6.9) 

 

𝑉𝑎𝑟 [[�̂�]
𝑛
] − 𝑉𝑎𝑟 [[�̂�]

∞
] + 𝐸 [[𝑉𝑎𝑟[𝑦]̂ ]

𝑛
− [𝑉𝑎𝑟[𝑦]̂ ]

∞
] = 
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𝜃𝜀
2

𝑛
(1 + 2(1 − 𝜌)

𝜇(𝑥0−𝑥1)(𝑥0−𝑥2)+𝜎𝑥
2

𝜇(𝑥2−𝑥1)
2 )            Eq.(6.10) 

 

After having derived results of impact of CRN on expected value and variance of errors 

in estimated variances for a 2-point response surface, we move to a larger but tractable k-point 

response surface.  In order to express the metamodel coefficients in a closed-form, we make the 

following assumption (same as the one made in Chen et al. 2012): any two column vectors of the 

design matrix are orthogonal to each other.   

A rectangular design matrix is assumed with 𝑘 design points and 𝑙 explanatory variables 

as shown in Equation (6.11).  The explanatory variables are set of all the factors.  If a compound 

symmetry structure is assumed for the residual covariance matrix of size 𝑘 x 𝑘, then 𝛀 can be 

written as shown in Equation (6.12), where 
𝜃𝜀
2

𝑛
 and 𝑛 follow same notation as given previously.  

The metamodel expression for this k-point response surface can be written as 𝑦 = 𝛽0 +

∑ 𝛽𝑗𝑥𝑗
𝑙
𝑗=1 .  For 𝑖𝑡ℎ  point and 𝑚𝑡ℎ  observation the response 𝑦𝑖𝑚  is equal to 𝛽0 + ∑ 𝛽𝑗𝑥𝑖𝑗𝑚

𝑙
𝑗=1 .  

The rewritten expression in terms of means of the factors is 𝑦𝑖𝑚 = 𝛽0 + ∑ 𝛽𝑗𝜇𝑥𝑖𝑗
𝑙
𝑗=1 + 𝜀𝑖𝑚. The 

sample mean of these observations is �̅�𝑖 = 𝛽0 + ∑ 𝛽𝑗𝜇𝑥𝑖𝑗
𝑙
𝑗=1 + 𝜀�̅� .  By denoting the set of 

uncontrollable factors as 𝒖  this expression can be rewritten as �̅�𝑖 = 𝛽0 + 𝜷
𝑻[𝒖] + 𝜀�̅� .  The 

general expression for estimated variance of response as 𝑉𝑎𝑟[𝑦] = ∑ 𝛽𝑗
2𝜎𝑥𝑗

2𝑙
𝑗=1 .    

For this response surface, the vector of metamodel coefficients can be computed from the 

expression �̂� = (𝝁𝑿
𝑻𝛀−𝟏𝝁𝑿)

−𝟏𝝁𝑿
𝑻𝛀−𝟏�̅� where 𝛀 is the residual covariance matrix assumed to be 

known, and �̅�  is the vector of sample mean of simulation response at each design point.  Since 

the columns in the design matrix are assumed to be orthonormal, the formula for estimated 

response surface coefficients becomes simple (Chen et al. 2012).  The coefficients can be written 
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as �̂�0 =
𝟏𝒌
𝑻�̅�

𝑘
, �̂�𝑗 =

𝝁𝒙𝒋
𝑻 �̅�

𝝁𝒙𝒋
𝑻 𝝁𝒙𝒋

, 𝑗 = 1… 𝑙 , where 𝝁𝒙𝒋  represents the (𝑗 + 1)𝑡ℎ  column vector in the 

design matrix corresponding to the 𝑗𝑡ℎ explanatory variable. 

 𝝁𝑿 =

(

 
 

1 𝜇𝑥11 … . . 𝜇𝑥1𝑙   

1 𝜇𝑥21 … . . 𝜇𝑥2𝑙   
. .
. .

1 𝜇𝑥𝑘1 … . . 𝜇𝑥𝑘𝑙 )

 
 

                                               Eq.(6.11) 

𝛀 = 
𝜃𝜀
2

𝑛

(

 
 

1 𝜌… . . 𝜌
𝜌 1… . . 𝜌

. .

. .
𝜌 𝜌… . . 1)

 
 

                                                     Eq.(6.12) 

 

For this k-point response surface the expected value of error in estimated variance of response 

can be written as 𝐸 [[𝑉𝑎𝑟[𝑦]̂ ]
𝑛
− [𝑉𝑎𝑟[𝑦]̂ ]

∞
] = 𝐸 [∑ ([�̂�𝑗

2]
𝑛
𝜎𝑥𝑗
2 − [�̂�𝑗

2]
∞
𝜎𝑥𝑗
2 )𝑙

𝑗=1 ] .  Now 

𝐸 [[�̂�𝑗
2]
𝑛
𝜎𝑥𝑗
2 − [�̂�𝑗

2]
∞
𝜎𝑥𝑗
2 ] =

𝜎𝑥𝑗
2

(𝝁𝒙𝒋
𝑻 𝝁𝒙𝒋)

2 𝐸 [[𝝁𝒙𝒋
𝑻 �̅��̅�𝑻𝝁𝒙𝒋]𝑛

− [𝝁𝒙𝒋
𝑻 �̅��̅�𝑻𝝁𝒙𝒋]∞

]  which can be rewritten 

as 
𝜎𝑥𝑗
2

(𝝁𝒙𝒋
𝑻 𝝁𝒙𝒋)

2 𝐸 [𝝁𝒙𝒋
𝑻 𝜺𝜺𝑻𝝁𝒙𝒋 + [𝝁𝒙𝒋

𝑻 �̅�]
∞
𝜺𝑻𝝁𝒙𝒋 + 𝝁𝒙𝒋

𝑻 𝜺 [�̅�𝑻𝝁𝒙𝒋]∞
], since [�̅�𝑖]𝑛 = [�̅�𝑖]∞ + 𝜀𝑖  or [�̅�]𝑛 =

[�̅�]∞ + 𝜺 .  Now 𝐸 [[𝝁𝒙𝒋
𝑻 �̅�]

∞
𝜺𝑻𝝁𝒙𝒋 + 𝝁𝒙𝒋

𝑻 𝜺 [�̅�𝑻𝝁𝒙𝒋]∞
] = 0  and 𝑬 [𝝁𝒙𝒋

𝑻 𝜺𝜺𝑻𝝁𝒙𝒋] =
𝜃𝜀
2

𝑛
(𝝁𝒙𝒋

𝑻 𝝁𝒙𝒋 +

 𝜌𝝁𝒙𝒋
𝑻 (𝑱 − 𝑰)𝝁𝒙𝒋).  𝑱 is a 𝑘 x 𝑘 matrix of ones is equal to 𝟏𝒌𝟏𝒌

𝑻.  The vectors are orthonormal in 

𝝁𝑿  so 𝝁𝒙𝒋
𝑻 𝟏𝒌𝟏𝒌

𝑻𝝁𝒙𝒋 = (𝟏𝒌
𝑻𝝁𝒙𝒋)

𝑻

𝟏𝒌
𝑻𝝁𝒙𝒋 = 0 .  Thus, 𝐸 [[�̂�𝑗

2]
𝑛
𝜎𝑥𝑗
2 − [�̂�𝑗

2]
∞
𝜎𝑥𝑗
2 ] =  

𝜎𝑥𝑗
2 𝜃𝜀

2(1−𝜌)

𝑛(𝝁𝒙𝒋
𝑻 𝝁𝒙𝒋)

;  let 

𝑉0
2 =

𝜃𝜀
2(1+(𝑘−1)𝜌)

𝑛𝑘
 and 𝑉𝑗

2 =
𝜃𝜀
2(1−𝜌)

𝑛(𝝁𝒙𝒋
𝑻 𝝁𝒙𝒋)

 , 𝑗 = 1…  𝑙 .  Hence, the expected value of error in 
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estimated variance of response for a k-point response surface-- 𝐸 [∑ ([�̂�𝑗
2]
𝑛
𝜎𝑥𝑗
2 −𝑙

𝑗=1

[�̂�𝑗
2]
∞
𝜎𝑥𝑗
2 )] = ∑ 𝜎𝑥𝑗

2 𝑉𝑗
2𝑙

𝑗=1    --is reduced for all 𝑖 with increase in value of 𝜌.   

 Next, we show the effect of CRN on variance in error of estimated variance of response 

for the same k-point response surface.  𝑉𝑎𝑟 [[𝑉𝑎𝑟[𝑦]̂ ]
𝑛
− [𝑉𝑎𝑟[𝑦]̂ ]

∞
] can be expanded using 

([�̂�𝑗
2]
𝑛
𝜎𝑥𝑗
2 − [�̂�𝑗

2]
∞
𝜎𝑥𝑗
2 ) , 𝑗 = 1… 𝑙, as terms as shown in Equation (6.13).   

 

∑ 𝑉𝑎𝑟 [[�̂�𝑗
2]
𝑛
𝜎𝑥𝑗
2 − [�̂�𝑗

2]
∞
𝜎𝑥𝑗
2 ]𝑙

𝑗=1 + 2∑ ∑ 𝐶𝑜𝑣 [([�̂�𝑝
2]
𝑛
𝜎𝑥𝑝
2 −𝑙

𝑞>𝑝
𝑙−1
𝑝=1

[�̂�𝑝
2]
∞
𝜎𝑥𝑝
2 ) ([�̂�𝑞

2]
𝑛
𝜎𝑥𝑞
2 − [�̂�𝑞

2]
∞
𝜎𝑥𝑞
2 )]        Eq.(6.13) 

 

Since [�̂�𝑗
2]
𝑛
= [�̂�𝑗

2]
∞
+ (

𝝁𝒙𝒋
𝑻 𝜺

𝝁𝒙𝒋
𝑻 𝝁𝒙𝒋

)

2

+ 2
𝝁𝒙𝒋
𝑻 𝜺

𝝁𝒙𝒋
𝑻 𝝁𝒙𝒋

[�̂�𝑗]∞ , 𝑉𝑎𝑟 [[�̂�𝑗
2]
𝑛
− [�̂�𝑗

2]
∞
] = 2𝑉𝑗

4 +

4𝑉𝑗
2[�̂�𝑗

2]
∞

.  Now,  𝐶𝑜𝑣 [([�̂�𝑝
2]
𝑛
𝜎𝑥𝑝
2 − [�̂�𝑝

2]
∞
𝜎𝑥𝑝
2 ) ([�̂�𝑞

2]
𝑛
𝜎𝑥𝑞
2 − [�̂�𝑞

2]
∞
𝜎𝑥𝑞
2 )] can be expanded as 

shown in Equation (6.14).  

 

𝐸 [([�̂�𝑝
2]
𝑛
𝜎𝑥𝑝
2 − [�̂�𝑝

2]
∞
𝜎𝑥𝑝
2 ) ([�̂�𝑞

2]
𝑛
𝜎𝑥𝑞
2 − [�̂�𝑞

2]
∞
𝜎𝑥𝑞
2 )] − 𝐸 [([�̂�𝑝

2]
𝑛
𝜎𝑥𝑝
2 −

[�̂�𝑝
2]
∞
𝜎𝑥𝑝
2 )]𝐸 [([�̂�𝑞

2]
𝑛
𝜎𝑥𝑞
2 − [�̂�𝑞

2]
∞
𝜎𝑥𝑞
2 )]         Eq.(6.14) 

 

Upon simplifying, 𝐸 [([�̂�𝑝
2]
𝑛
− [�̂�𝑝

2]
∞
) ([�̂�𝑞

2]
𝑛
− [�̂�𝑞

2]
∞
)] = 𝐸 [((

𝝁𝒙𝒑
𝑻 𝜺

𝝁𝒙𝒑
𝑻 𝝁𝒙𝒑

)
2

+

2
𝝁𝒙𝒑
𝑻 𝜺

𝝁𝒙𝒑
𝑻 𝝁𝒙𝒑

[�̂�𝑗]∞)((
𝝁𝒙𝒒
𝑻 𝜺

𝝁𝒙𝒒
𝑻 𝝁𝒙𝒒

)
2

+ 2
𝝁𝒙𝒒
𝑻 𝜺

𝝁𝒙𝒒
𝑻 𝝁𝒙𝒒

[�̂�𝑗]∞)].   Since, expectation over odd powers of 𝜺 vanish, 
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and 𝝁𝒙𝒒 , 𝝁𝒙𝒑  being orthonormal vectors, 𝐸 [([�̂�𝑝
2]
𝑛
− [�̂�𝑝

2]
∞
) ([�̂�𝑞

2]
𝑛
− [�̂�𝑞

2]
∞
)] = 𝑉𝑝

2𝑉𝑞
2, which 

is equal to 𝐸 [([�̂�𝑝
2]
𝑛
− [�̂�𝑝

2]
∞
)]𝐸 [([�̂�𝑞

2]
𝑛
− [�̂�𝑞

2]
∞
)].  Thus, the value of expression in Equation 

(6.14) is zero and hence, the covariances in Equation (6.13) vanish.   𝑉𝑎𝑟 [[𝑉𝑎𝑟[𝑦]̂ ]
𝑛
−

[𝑉𝑎𝑟[𝑦]̂ ]
∞
] now can be written as summation over variances of individual terms as shown in 

Equation (6.15).  Thus, increasing 𝜌 using CRN will decrease variance of error in estimated 

variance of response for a k-point response surface.    

 

𝑉𝑎𝑟 [∑ ([�̂�𝑗
2]
𝑛
𝜎𝑥𝑗
2 − [�̂�𝑗

2]
∞
𝜎𝑥𝑗
2 )𝑙

𝑗=1 ] = ∑ 𝜎𝑥𝑗
4 (2𝑉𝑗

4 + 4𝑉𝑗
2[�̂�𝑗

2]
∞
)𝑙

𝑗=1       Eq.(6.15) 

 

The variance of the estimated intercept for the k-point metamodel expression increases 

with increasing 𝜌 . The variances in other estimated coefficients decrease with increasing 𝜌 

(Equation (6.16)).  The covariance between any two dissimilar coefficients equals zero. 

𝐶𝑜𝑣 [[�̂�𝑝]𝑛, [�̂�𝑞]𝑛] = 0 implies that there is zero correlation between first-order effects.  The 

variance of estimated mean response-- 𝑉𝑎𝑟 [[�̂�]
𝑛
]--has been expanded in Equation (6.17) and 

then simplified as shown in Equation (6.18).  The error in variance of estimated response can be 

written as shown in Equation (6.19).  After collecting the terms that are multiples of  𝜌  in 

Equation (6.19), we arrive at the conclusion that if Equation (6.20) is true, then CRN decreases 

the error in variance of estimated response.   

 

𝑉𝑎𝑟 [[�̂�0]𝑛] = 𝑉0
2; 𝑉𝑎𝑟 [[�̂�𝑗]𝑛] = 𝑉𝑗

2; 𝐶𝑜𝑣 [[�̂�0]𝑛, [�̂�𝑗]𝑛] = 0; 

𝐶𝑜𝑣 [[�̂�𝑝]𝑛, [�̂�𝑞]𝑛] = 0; 𝑗 = 1… 𝑙;  𝑝 = 1… 𝑙; 𝑞 = 1…  𝑙; 𝑝 ≠ 𝑞                   Eq.(6.16) 
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𝑉𝑎𝑟 [[�̂�]
𝑛
] = 𝑉𝑎𝑟 [[�̂�0]𝑛] +

∑ 𝜇𝑥𝑗
2 𝑉𝑎𝑟 [[�̂�𝑗]𝑛]

𝑙
𝑗=1 + ∑ 2𝜇𝑥𝑗𝐶𝑜𝑣 [[�̂�0]𝑛, [�̂�𝑗]𝑛]

𝑙
𝑗=1 +

∑ 2𝜇𝑥𝑝𝜇𝑥𝑞𝐶𝑜𝑣 [[�̂�𝑝]𝑛, [�̂�𝑞]𝑛]
𝑙
𝑝≠𝑞                              Eq.(6.17) 

 

𝑉𝑎𝑟 [[�̂�]
𝑛
] = 𝑉0

2 + ∑ 𝜇𝑥𝑗
2𝑙

𝑗=1 𝑉𝑗
2                                    Eq.(6.18) 

 

𝑉𝑎𝑟 [[�̂�]
𝑛
] − 𝑉𝑎𝑟 [[�̂�]

∞
] + 𝐸 [[𝑉𝑎𝑟[𝑦]̂ ]

𝑛
− [𝑉𝑎𝑟[𝑦]̂ ]

∞
] = 𝑉0

2 + ∑ (𝜇𝑥𝑗
2 + 𝜎𝑥𝑗

2 )𝑙
𝑗=1 𝑉𝑗

2 

Eq.(6.19) 

  

𝑘−1

𝑘
< ∑

𝜇𝑥𝑗
2 +𝜎𝑥𝑗

2

𝝁𝒙𝒋
𝑻 𝝁𝒙𝒋

𝑙
𝑗=1                                              Eq.(6.20) 

 

 

Figure 6.1: Overview of material handling processes of importance in this chapter 
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Table 6.1: Table of simulation outputs and decision variables 

Simulation  Output Definition 

𝑇𝑜𝑛𝑠𝑖: Actual amount of tons delivered to train i 

𝑑𝑒𝑙𝑋,𝑖: Weighted average of BTU delivered to train i from all shovels 

Decision Variable Definition 

𝑅𝐿𝑙: Route lock or number of trucks locked to route l 

 

Table 6.2: Table of simulation inputs 

Simulation 

Input 
Definition 

Simulation 

Input 
Definition 

𝐶1,  𝐶2: Constants 𝑇𝑟𝑢𝑐𝑘𝑠: Number of active trucks 

𝐿: Lower bound for tons 

produced in a run  

𝑈: Upper bound for variance in 

revenue 

𝐵𝑇𝑈𝑙: Value of BTU at shovel 

from route l 

𝑟𝑒𝑗𝐵𝑇𝑈,𝑖: Weighted average of BTU 

coal quality that is a limit for 

rejection of train i  

𝑅𝑖: Base revenue in dollars 

obtained from loading train 

i 

𝑅𝑜𝑢𝑡𝑒𝑠: Total number of routes  

𝑃𝑟𝐵𝑇𝑈,𝑖: Premium in dollars obtained 

from train i on BTU 

𝑟𝑒𝑞𝑙𝑜𝑤𝑒𝑟𝐵𝑇𝑈,𝑖: Lower bound value of BTU of 

coal quality required by train i  

𝑃𝑒𝐵𝑇𝑈,𝑖: Penalty in dollars incurred 

from train i on BTU 

𝑟𝑒𝑞𝑢𝑝𝑝𝑒𝑟𝐵𝑇𝑈,𝑖: Upper bound value of BTU of 

coal quality required by train i  

𝑙𝑜𝑎𝑑𝑡𝑖𝑚𝑒𝑙: Loading time per truck for 

route l 

𝑑𝑢𝑚𝑝𝑡𝑖𝑚𝑒𝑙:   Dumping time per truck for 

route l 

𝑓𝑢𝑙𝑙ℎ𝑎𝑢𝑙
𝑡𝑖𝑚𝑒 𝑙

 Time for truck at shovel to 

reach dump on route l 

𝑒𝑚𝑝𝑡𝑦ℎ𝑎𝑢𝑙
𝑡𝑖𝑚𝑒 𝑙

 Time for empty truck at dump 

to reach shovel on route l 
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6.2.2 Overview of Material Handling Processes in Mine and Mathematical Formulation 

An overview of the material handling processes conducted in the mine is shown in Figure 

6.1.  These processes explained in detail in Chapter 3 are summarized in this section before we 

move onto experiments.  There is different equipment for hauling, processing and storing coal in 

the mine.  These are shovels, trucks, crusher (hoppers), silos, conveyors and loadouts.  The coal 

from pits is excavated by shovels and loaded onto empty trucks.  There can be 4-8 shovels active 

at the mine at any time.   The numbers of active trucks vary between 15-35.  The loaded trucks 

dump coal onto hoppers where it is crushed.  The crushed coal is hauled by conveyors and 

dropped onto silos, which are huge inventories of coal.  There are six silos at the mine.  Five 

silos are of 15000 tons capacity and the remaining silo can hold up to 50,000 tons of coal.  Coal 

from these silos is pulled via conveyors and loaded into trains at loadouts.  There are two 

loadouts at the mine and multiple silos can load a train at each loadout simultaneously. 

The customer trains are usually power plants that specify coal quality via limits for 

different coal quality metrics. These metrics are BTU, ash, sodium, ash and moisture.  The three 

types of limits are premium, penalty and reject.  Meeting premium limits or delivering better 

quality of coal maximizes revenue from a train.  The mine, however, incurs losses if average coal 

quality is equal or worse than the penalty limit.  The mine does not receive any revenue if the 

coal quality delivered is equal to or worse than reject quality.  In this chapter, only the route 

locks (i.e. the number of trucks locked to each route) are decision variables, and they are fixed 

throughout each simulation replication. In the considered mine, only the pits-crushers system (or 

truck-shovel system) is of interest.  The coal routing variables in the rest of the material handling 

system, such as hopper-silo connections (routing coal from crushers to silos) or blend-silo values 

(pulling coal from silos to loadouts) are assumed to be fixed.  This can be done in real mine as 
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well so as to reduce the number of coal routing variables the mine operators have to track and 

change before or while loading a train.   

 

max E[𝑦: ∑ (𝑅𝑖 + 𝑃𝑟𝐵𝑇𝑈,𝑖 − 𝑃𝑒𝐵𝑇𝑈,𝑖)
2
𝑖=1 ]                                      Eq.(6.21) 

 

                          𝑉𝑎𝑟[𝑦] ≤ 𝑈                                                            Eq.(6.22) 

 

𝑦 = 𝛽0 +𝜷
′𝐝 + 𝜸′𝒖 + 𝐝′∆𝒖 + 𝐝′𝐙𝐝 + 𝜀, 𝜀~N(𝟎,𝛀)                   Eq.(6.23) 

 

∑ 𝑅𝐿𝑙
𝑅𝑜𝑢𝑡𝑒𝑠
𝑙=1 ≤ 𝑇𝑟𝑢𝑐𝑘𝑠                                                      Eq.(6.24) 

 

𝑃𝑟𝐵𝑇𝑈,𝑖 = 𝐶1 (
𝑑𝑒𝑙𝐵𝑇𝑈,𝑖

𝑟𝑒𝑞𝑢𝑝𝑝𝑒𝑟𝐵𝑇𝑈,  𝑖
− 1) ,  𝑖𝑓 (𝑑𝑒𝑙𝐵𝑇𝑈,𝑖 ≥ 𝑟𝑒𝑞𝑢𝑝𝑝𝑒𝑟𝐵𝑇𝑈,𝑖),  𝑒𝑙𝑠𝑒 0           Eq.(6.25) 

 

   𝑃𝑒𝐵𝑇𝑈,𝑖 = 𝐶2 (1 −
𝑑𝑒𝑙𝐵𝑇𝑈,𝑖

𝑟𝑒𝑞𝑙𝑜𝑤𝑒𝑟𝐵𝑇𝑈,𝑖
) , 𝑖𝑓 (𝑑𝑒𝑙𝐵𝑇𝑈,𝑖 ≤ 𝑟𝑒𝑞𝑙𝑜𝑤𝑒𝑟𝐵𝑇𝑈,𝑖), 𝑒𝑙𝑠𝑒 0               Eq.(6.26)   

 

𝑇𝑜𝑛𝑠𝑖 = 𝑓(⋃ {𝑅𝐿𝑙, 𝑙𝑜𝑎𝑑𝑡𝑖𝑚𝑒𝑙, 𝑑𝑢𝑚𝑝𝑡𝑖𝑚𝑒𝑙, 𝑓𝑢𝑙𝑙ℎ𝑎𝑢𝑙𝑡𝑖𝑚𝑒𝑙, 𝑒𝑚𝑝𝑡𝑦ℎ𝑎𝑢𝑙𝑡𝑖𝑚𝑒𝑙}
𝑅𝑜𝑢𝑡𝑒𝑠
𝑙=1 )                

Eq.(6.27)   

 

𝑑𝑒𝑙𝐵𝑇𝑈,𝑖 ≥ 𝑟𝑒𝑗𝐵𝑇𝑈,𝑖,   ∀𝑖                                                Eq.(6.28) 

 

𝑇𝑜𝑛𝑠1 = 𝑇𝑜𝑛𝑠2                                                     Eq.(6.29) 
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{𝑟𝑒𝑞𝑢𝑝𝑝𝑒𝑟𝐵𝑇𝑈,  1} = {𝑟𝑒𝑞𝑢𝑝𝑝𝑒𝑟𝐵𝑇𝑈,  2} =  {𝑟𝑒𝑞𝑙𝑜𝑤𝑒𝑟𝐵𝑇𝑈,  1} = {𝑟𝑒𝑞𝑙𝑜𝑤𝑒𝑟𝐵𝑇𝑈,  2}     Eq.(6.30) 

 

𝑇𝑜𝑛𝑠1 + 𝑇𝑜𝑛𝑠2 ≥ 𝐿                                              Eq.(6.31) 

 

The mathematical formulation of the material handing optimization problem considered 

in this study is described in this paragraph.  The notations are categorized into simulation model 

parameters, decision variables and simulation outputs as shown in Tables 6.1 and 6.2.  Equation 

(6.21) represents the objective function, which is maximization of expected value of revenue.  

Equation (6.22) is the upper bound on the variance of revenue.  Revenue is expressed as a 

response surface metamodel expression in Equation (6.23).  𝒖 is a vector of uncontrollable 

factors, 𝒅  is a vector of controllable factors, ∆ is interaction matrix for 𝒅  and 𝒖  and Z is 

interaction matrix for elements within 𝒅 .  Each element in 𝒖  corresponds to inverse of 

summation over empty and full haul times, shovel loading and dumping times for a particular 

route. So, 𝒖 = [𝑢1, … ,𝑢𝑙]
𝑇; 𝑙 = 1…𝑅𝑜𝑢𝑡𝑒𝑠;  𝑢𝑙 =

𝟏

𝑙𝑜𝑎𝑑𝑡𝑖𝑚𝑒𝑙+𝑑𝑢𝑚𝑝𝑡𝑖𝑚𝑒𝑙+𝑓𝑢𝑙𝑙ℎ𝑎𝑢𝑙𝑡𝑖𝑚𝑒𝑙+𝑒𝑚𝑝𝑡𝑦ℎ𝑎𝑢𝑙𝑡𝑖𝑚𝑒𝑙
. Also, 𝒅 = [𝑑1, … ,𝑑𝑙]

𝑇;∆  is it the matrix with 

elements δ𝑖𝑗 -- coefficient for 𝑑𝑖𝑢𝑗 , where 𝑖 = 1. . 𝑅𝑜𝑢𝑡𝑒𝑠  and 𝑗 = 1. . 𝑅𝑜𝑢𝑡𝑒𝑠 . 𝐙  is matrix of 

diagonal elements z𝑖𝑖, which are coefficients for 𝑑𝑖𝑑𝑖 and off-diagonal element z𝑖𝑗—coefficient 

for 𝑑𝑖𝑑𝑗.  Equation (6.24) places constraints on truck locks where sum of all truck locks is lower 

than the total number of available trucks.  The objective function is expressed as a function of 

truck locks, premium, penalty and reject limits for BTU as well as average quality of coal 

delivered to a particular customer.  Other metrics maybe considered, but the scope of current 
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work is limited to taking BTU as the metric for calculating revenue.  The expressions for 

calculating exact premium and penalty values are shown in Equations (6.25) and (6.26) 

respectively.  The tons delivered to a train is a complex function of simulation model parameters 

and inputs.  The expression for tons presented in Equation (6.27) can be evaluated only by 

simulation.  The delivered quality has to be greater than the reject limit specified in Equation 

(6.28).  The tonnage required and coal quality specifications for both the trains are the same as 

shown in Equation (6.29) and Equation (6.30).  The limit on tons loaded in an hour is specified 

in Equation (6.31).   

 

6.2.3 LHS for Sampling the Factors  

The relationship between sampling errors from applying LHS and random sampling is 

shown in Equation (6.32), as derived in McKay et al. (1978).  𝑦 is the revenue from simulation.  

𝑉𝑎𝑟𝐿𝐻𝑆[[𝑦]𝑛] is sampling variance at a particular point on the response surface when LHS is 

applied to sample using 𝑛 replications; 𝑉𝑎𝑟𝑟𝑎𝑛𝑑[[𝑦]𝑛] is variance of revenue calculated when 

random sampling is applied at the same number of replications.  𝜇𝑝, 𝜇𝑞 denote means of any two 

cells 𝑝  and 𝑞  respectively from the latin hypercube.  However, 𝐶𝑜𝑣[𝜇𝑝, 𝜇𝑞] ≤ 0   whenever 

revenue is a monotonic function in each of its uncontrollable factors.  Depending on values of 

the premiums (same as penalties), the whole set of truck locks, LHS could be used for sampling 

uncontrollable factors at each design point to reduce sampling variance.  Similarly, a case could 

be made for using LHS to sample controllable factors and means of uncontrollable factors in 

order to construct the design matrix.  To understand that we could suppose that 𝑉𝑎𝑟𝐿𝐻𝑆[[𝑦]𝑛] 

being replaced with a parameter representing sampling variance across all design points obtained 

through LHS.  Here, mean responses at each design point are considered as individual 
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observations.  Also, supposing 𝑉𝑎𝑟𝐿𝐻𝑆[[𝑦]𝑛] is replaced with parameter representing variance 

across all design points obtained through random sampling, LHS could be used to reduce its 

value given revenue is a monotonic function in each of its factors—controllable and 

uncontrollable.      

 

                      𝑉𝑎𝑟𝐿𝐻𝑆[[𝑦]𝑛] = 𝑉𝑎𝑟𝑟𝑎𝑛𝑑[[𝑦]𝑛] +
𝑛−1

𝑛
𝐶𝑜𝑣[𝜇𝑝, 𝜇𝑞], 𝑞 ≠ 𝑝            Eq.(6.32) 

 

6.3 Experiments 

 

Figure 6.2: Overview of the metamodel-based simulation optimization approach 

 

An overview of the proposed optimization approach is presented in the flowchart in 

Figure 6.2.  First the historical performance data of material handling equipment in the mine is 

used to determine the asymptotic distributions for empty haul, full haul, loading and dumping 

times for each route.  These distribution data are fed into Arena simulation model of the mine.  

The conveyor routes from crushers to silos and then from silos to loadouts are fixed throughout 

the simulation.  Also, equipment failures are not considered.  Thus, the average quality of coal 

dumped at crushers over one replication will be the actual average quality of coal delivered to the 
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Start

Feed constraint 
into OptQuest 

and start 
optimization

Maximum 
Iterations?

Apply MLE, Obtain 
parameters and 

constraint 
expression

End

Yes

No
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trains.  Many simulation replications are performed at each design point to obtain output samples 

for construction of the response surface.  In Section 3, we have concluded that increasing 𝜌 value 

reduces error in estimated variance of response.  But, since the objective function contains many 

uncontrollable factors, it is difficult to inversely calculate their exact for each replication, to 

achieve a desired 𝜌 in the residual covariance matrix (Equation (6.11)).  Thus, in this paper, we 

only sample to ensure that 𝜌>0 in order to obtain error reduction in estimated variance of 

response.   

The coefficients in the RSM metamodel are determined through FGLS method.  In 

FGLS, firstly, ordinary least squares method is applied to construct the metamodel, and then 

estimate the residual covariance matrix (Equations (6.33) and (6.34)).  Secondly, this matrix is 

assumed as the known residual covariance matrix for a GLS-type procedure to obtain the 

metamodel coefficients.  After obtaining coefficients and the covariance matrix structure, the 

expression for variance of revenue is obtained.   This expression is fed into OptQuest as a 

constraint during simulation-based optimization.  An upper limit placed on this constraint 

enables OptQuest to arrive a robust optimal configuration.  The simulation-optimization 

procedure is run until there is no improvement in solution quality according the tolerance limit 

value specified in OptQuest.  There are three main results for discussion.  They are as follows: 1) 

Cross-validation error in estimated variance of revenue; 2) Validation of the proposed approach; 

3) Impact of number of trucks on maximum revenue. 

 

�̂� =  

(
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�̂�𝑖𝑚 =
1

𝑛−1
∑ (𝜀𝑖𝑗 − 𝜀�̅�)(𝜀𝑚𝑗 − 𝜀�̅�)
𝑛
𝑗=1 ; 𝜀𝑖𝑗 = 𝑦𝑖𝑗 − �̅�𝑖                   Eq,(6.34) 

 

Sets of results are presented in Tables 6.3 and 6.4 on the cross-validation experiment as 

well as on comparison of error reductions in estimated variances using CRN and LHS.   

[𝑉𝑎𝑟𝑟𝑎𝑛𝑑[𝒚𝒊]̂ ]
𝑛

: design points are chosen randomly and inverse CDF method is used for 

generating uncontrollable factors.  Specifically, the values for each factor (controllable as well as 

means of uncontrollable factors) were generated using Arena’s uniform distribution (UNIF(fmin, 

fmax, fstreamid) as a series across all design points and fitting experiments (trials) with the 

parameters (fmin, fmax) being the minimum and maximum values from that factor’s range.  A 

different initial seed was used for each factor identified by fstreamid.  By this procedure, there be 

a total of k x trials design values generated for each factor.  Using the uncontrollable factor 

means from this method, the cumulative probabilities for use in replications (n replications at 

each design point) are generated using Arena’s uniform distribution of form UNIF(0, 1, 

urepstreamid); a different initial seed was used for each uncontrollable factor identified by 

urepstreamid.  The cumulative probabilities are used to inversely calculate the pseudo-random 

values from an uncontrollable factor’s cumulative distribution function.  By this method, there 

were a total of k x n x trials random values generated for each uncontrollable factor.   

[𝑉𝑎𝑟𝐶𝑅𝑁[𝒚𝒊]̂ ]
𝑛

: design points are chosen in the same manner as above but cumulative 

probabilities for each uncontrollable factor are same for a given replication number across all 

design points in a fitting experiment.  Thus, k x trials design values generated for each factor but 

only n x trials pseudo-random values for each uncontrollable factor.  [𝑉𝑎𝑟𝐿𝐻𝑆[𝒚𝒊]̂ ]
𝑛

: design 

points as well as pseudo-random uncontrollable factor values are generated using inverse CDF 

method but the cumulative probabilities are generated using LHS.  MATLAB’s lhsdesign with k  
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intervals on the ranges of controllable factors and means of uncontrollable factors is used for 

generating design matrices.  Another lhsdesign function with n intervals on the ranges of 

uncontrollable factors is used to generate matrix of pseudo-random values for all replications 

across each design point.  Thus, we would end up with trials number of design matrices, and k x 

trials matrices of uncontrollable factor values.  [𝑉𝑎𝑟𝐿𝐻𝑆+𝐶𝑅𝑁[𝒚𝒊]̂ ]
𝑛

: design points as well as 

pseudo-random uncontrollable factor values are generated in a similar manner as for 

[𝑉𝑎𝑟𝐿𝐻𝑆[𝒚𝒊]̂ ]
𝑛

 but the matrix of cumulative probabilities for uncontrollable factors is retained for 

all design points in a fitting experiment.   Here, we would end up with trials number of design 

matrices, as well as the same number of matrices of uncontrollable factor values.   

As an example, the sampled value for an uncontrollable factor is construed in the 

following way: at design point number 1 and route number 1, let us assume the mean value of 

uncontrollable factor is 0.05; at replication number 1 at this point, the sampled value is 0.04.  

This implies that the full-haul, empty-haul. loading and dumping times for all trucks on route 1 

for this replication have been increased by 125% over their means to obtain a 20% reduction in 

the corresponding uncontrollable factor.  At each design point across all replications, route locks 

(controllable factors) are fixed and continuous inputs.  For example, if value of factor is 3.6, then 

this means that the number of trucks between the corresponding shovel and hopper is four trucks 

where three are loaded to full capacity and the fourth one is loaded up to 60% of the full 

capacity.    

Experiments were conducted for two test cases differing in the number of controllable 

and uncontrollable factors under varying number of design points and replications.  Two 

different test cases considered are: 1) 2 decision variables and 2 uncontrollable factors and 2) 5 

decision variables and 5 uncontrollable factors.  The cross-validation squared error is the square 
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of difference between estimated variance and true variance that is mean-integrated over each 

design point left-out in cross validation.  Also, it is averaged over many trials of the fitting 

experiments.  The roots of the mean-integrated squared errors are shown in Tables 6.3 and 6.4.  

As a reference, the revenue for two trains loaded at the mine without any penalty or premiums 

will be about 320,000 $ at the current $ rate per ton of coal.  In the first case shown in Table 6.3, 

after k=50 the reduction in the errors were not significant.  In this case, for each point that was 

left-out, 100 trials of the fitting experiment were conducted.  Also, running greater than 1000 

random replications did not yield significant improvements in the estimation of the variances. 

Hence, the simulation output variance at 1000 random replications was used to substitute for true 

variance at each point.  Similarly, reduction in errors was observed in the second case provided 

in Table 6.4 after k=100 conducted over 500 trials of each fitting experiment.   Here as well, 

running greater than 1500 simple random replications did not yield significant improvements in 

estimation of true variances.  It can also be observed that the combination of CRN and LHS has 

the least values of errors, when compared to random sampling or CRN and LHS individually.  

Also, in each case the errors tended to always decrease with increase in the k and n.  

The comparison of robustness in the optimization using the proposed approach with that 

from OptQuest alone is shown in Figure 6.3.  To be fair, OptQuest was applied for simulation-

optimization in both approaches.  And the comparisons between these approaches were 

performed at each of five different base configurations of the mine, with their initial candidate 

solutions being the same at each configuration.  Each configuration differs from the other in the 

number of active shovels and/or trucks.  From configuration 1 to 5, the number of shovels is 

increased from 3 to 7.  Configurations 1 and 2 have 3 shovels, while configurations 3 and 4 have 

5 shovels; configuration 5 has 7 shovels.  The number of trucks in each configuration-1 to 5-is 
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increased from 15 to 25 in increments of 2 trucks.  There were five controllable and 

uncontrollable factors in each configuration.  For metamodeling in the proposed approach, k=100 

(number of design points and k in k-fold cross validation) and n=200 (number of replications).  

When using OptQuest alone, the number of replications at each configuration was fixed at 20, 

20, 30, 30 and 40 respectively.  The simulation model is complex and so in a real world setting, 

the analyst would be constrained by time available to arrive at the solution given a configuration 

wherein the proposed approach is not applied.  This would translate into either limiting number 

of replications and/or the maximum number of iterations.  Hence, to recreate the real world 

conditions in the current experiments, the number of replications when using OptQuest alone is 

much lower than what was used during metamodeling.  Although, the proposed approach 

requires development time for an accurate metamodel, intrapolation/ or extrapolation at points on 

the response surface not in the design matrix saves time that would have been spent performing 

replications to realize their responses.  It can be seen that for the same fixed number of iterations, 

the proposed approach outperforms not only in having narrower confidence intervals but also 

obtains better values of maximum revenue from two simultaneously loading trains in 

configurations 3, 4 and 5.   
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Table 6.3: Cross-validation errors for case with 4 factors 

decision variables = 2, uncontrollable factors = 2  

k 
(

𝟏

𝒌 ∗ 𝟏𝟎𝟎
∑ ∑ ( __________  − [𝑉𝑎𝑟𝑟𝑎𝑛𝑑[𝒚𝒊]]

1000
)
𝒕𝒓𝒊𝒂𝒍

𝟐
𝟏𝟎𝟎

𝒕𝒓𝒊𝒂𝒍=𝟏

𝒌

𝒊=𝟏

)

𝟎.𝟓

𝟏𝟎𝟕⁄  

[𝑉𝑎𝑟𝑟𝑎𝑛𝑑[𝑦𝑖]̂ ]
100

 [𝑉𝑎𝑟𝐶𝑅𝑁[𝑦𝑖]̂ ]
100

 [𝑉𝑎𝑟𝐿𝐻𝑆[𝑦𝑖]̂ ]
100

 [𝑉𝑎𝑟𝐿𝐻𝑆+𝐶𝑅𝑁[𝑦𝑖]̂ ]
100

 

20 52.90 12.22 19.18 2.55 

50 29.00 7.04 8.74 1.45 

 

Table 6.4: Cross-validation errors for case with 10 factors 

decision variables = 5, uncontrollable factors = 5 

k 
(

𝟏

𝒌 ∗ 𝟓𝟎𝟎
∑ ∑ (__________  − [𝑉𝑎𝑟𝑟𝑎𝑛𝑑[𝒚𝒊]]

1500
)
𝒕𝒓𝒊𝒂𝒍

𝟐
𝟓𝟎𝟎

𝒕𝒓𝒊𝒂𝒍=𝟏

𝒌

𝒊=𝟏

)

𝟎.𝟓

𝟏𝟎𝟕⁄  

[𝑉𝑎𝑟𝑟𝑎𝑛𝑑[𝑦𝑖]̂ ]
200

 [𝑉𝑎𝑟𝐶𝑅𝑁[𝑦𝑖]̂ ]
200

 [𝑉𝑎𝑟𝐿𝐻𝑆[𝑦𝑖]̂ ]
200

 [𝑉𝑎𝑟𝐿𝐻𝑆+𝐶𝑅𝑁[𝑦𝑖]̂ ]
200

 

70 78.93 16.74 22.01 4.20 

100 36.29 9.18 13.80 1.69 

 

LHS and CRN are compared individually to note their performances in obtaining robust 

maximum revenue.  As shown in Table 6.5, each test case had four scenarios: non-robust or 

using OptQuest with random sampling, using CRN and OptQuest with random sampling, using 

LHS and OptQuest, and using both CRN and LHS with OptQuest.  It can be observed that using 

CRN and LHS delivers the maximum revenue with least variances compared to the other three 
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scenarios for each test case.  Each test case was performed after setting k=100 (number of design 

points and k in k-fold cross validation) and n=200 (number of replications).   

 

Table 6.5: Comparison of performances of CRN and LHS (x10^5$)  

Config. 

No. 

OptQuest 

only 

CRN+OptQuest LHS+OptQuest 

CRN+LHS+ 

OptQuest 

1 3.3 (0.32) 3.304 (0.12) 3.302 (0.3) 3.31 (0.12) 

2 3.31 (0.34) 3.32 (0.17) 3.314 (0.32) 3.33 (0.17) 

3 3.39 (0.39) 3.4 (0.2) 3.41 (0.34) 3.45 (0.2) 

4 3.43 (0.44) 3.45 (0.2) 3.44 (0.41) 3.5 (0.2) 

5 3.47 (0.44) 3.46 (0.19) 3.44 (0.38) 3.51 (0.19) 

  

 

Figure 6.3: Comparison of proposed approach over different mine configurations 
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Figure 6.4: Impact of number of trucks on the maximum expected value of revenue 

 

The number of trucks also play an important role in affecting the responses of the 

simulation model and therefore of the response surface (Figure 6.4).  In these sets of 

experiments, the number of shovels was fixed at 7.  But the number of trucks affects the 

maximum expected value of revenue obtained.  When the number of trucks was increased from 

15 to 25, the time to load a train is decreasing.  With a limit on the time to load, it was observed 

that the maximum expected value of revenue was increasing. 

 

6.4 Conclusions from this Chapter 

In this chapter, a robust simulation-based optimization approach using RSM has been 

proposed for maximization of revenue in open surface coal mines around the world.  A 

metamodel expression for revenue obtained from loading every two trains simultaneously was 
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constructed.  LHS is used for designing the sets of decision variables and uncontrollable factors, 

and the outputs are obtained from a simulation model of a real coal mine in North America.  

FGLS has been used to estimate the coefficients in the metamodel.  The use of CRN has been 

theoretically shown to result in reductions in expected value as well as variance of error in 

variance of revenue at any point in 2-point and k-point response surfaces.  From the results, it 

was observed that the proposed approach is able to not only obtain narrower confidence intervals 

for revenue but also higher revenues compared to OptQuest alone.  Also, the combined use of 

CRN for generating random numbers and LHS for sampling is shown to result in smaller errors 

in estimated variances than when either of them is applied individually in the construction of the 

metamodel.   
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CHAPTER 7 

7 CONCLUSIONS 

7.1 Firsts in this Research 

1. This is the first time that an automatically generated data-driven simulation model 

was used to perform what-if analyses for coal mines.   A formal information model based 

on UML is applied to provide structural information for simulation model generation, 

mine production information for simulation execution and output requirement 

information.  A model generation procedure based on Petri-nets is applied to generate a 

simulation model in Arena®.  It was shown to eliminate time to develop mine simulation 

models from scratch.  This as a consequence will significantly minimize human error as 

well as man-hours.  Also important suggestions regarding choice of blocks and elements 

in Arena® for modeling large surface coal mines as well as input reading procedure 

before start of simulation were discussed.  These suggestions greatly reduce simulation 

execution times while not sacrificing the required level of detail in simulation outputs.   

2. This is the first that time that as an application, data-driven simulation model was 

demonstrated as a support tool to improve sustainability of large surface coal mines.  

Specifically, the metamodel of the data-driven model evaluates customized indicators 

corresponding to economic, social and environmental dimensions of the mine’s 

sustainability such as revenue, accident rate and ash respectively.  Multi-dimensional 

Pareto fronts were drawn to enable the mine operators to choose the decision variable 

values that balance all these indicators. 

3. This is the first time that theoretically the sampling variance using LHS is shown 

to be lower than variance from random sampling for estimation of mine revenue from 
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simulation under certain conditions.  This applies to both cases where 1) the number of 

replications for random sampling is lower than that for LHS; and 2) the number of 

replications for random sampling is same as that of LHS.  They arise from the fact that 

for response functions that are monotonic in its uncontrollable factors, LHS is more 

effective in reducing sampling variance than random sampling.   For this to be applied for 

estimation of revenue, for a particular configuration (set of truck locks), the inverses of 

summation over truck loading, dumping and haul times have to monotonically either 

decrease or increase the revenue obtained. 

4. This is the first time the estimated variance of points on a response surface was 

theoretically shown to be improved by usage of CRN.  In other words, the expected 

difference between estimated and true variances of response was decreased due to CRN.  

This is one of the major design contributions of this dissertation.  CRN was used to 

induce correlation between design points during response surface construction.  The 

estimated variance is a function of trend model coefficients in the metamodel expression.  

These coefficients are in turn functions of correlations between design points. 2-point and 

k-point response surfaces were considered for the theoretical demonstration.  In non-

closed form formulations, where the variance structure of the response cannot be 

accurately and practically quantified (requiring large number of replications), this result 

implies that estimation of variance will be improved by CRN. 

5. This is the first time that the revenue maximization problem has been solved for a 

large surface coal mine (over 3 shovels and 10 trucks) considering blending of coal and 

routing of trucks to maximize revenue while meeting the lower bound on coal production 

rate constraint.   
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6. This is the first time that a metamodel for robust simulation-optimization has been 

applied to mining.  Specifically, RSM is applied to obtain a closed form expression for 

variance of the objective function, which is plugged into OptQuest later as a constraint.  

This reduces the large total simulation execution time during optimization, where it is 

required to shorten confidence intervals on revenue by running multiple replications at 

each iteration.  Also, the combined use of OptQuest, RSM, LHS and CRN was shown to 

result in higher revenues as well as narrower confidence intervals when compared to the 

combined use of OptQuest and random sampling.  

 

7.2 Future Research Directions from this Dissertation 

Major extensions to be made to data-driven simulation models of large surface coal 

mines include 1) equipment breakdown and maintenance processes are to be considered in the 

simulation model generation procedures; 2) comprehensive neutral components library is to be 

built such that the framework can accommodate different MHSs and its processes not included in 

this dissertation; 3) simulation model generation code to be generalized for implementing the 

framework in different simulation packages; 4) heuristics for deciding the simulation model 

detail level based on user preferences; and 5) integration of data pre-processing procedures (such 

as cleaning and statistical analysis)  with the proposed framework.  To elaborate on the 

motivation for point no.2 above, the data-driven simulation framework for coal mines comprises 

generic objects and information models of material handling networks that could be found in oil 

processing industry as well.  In addition, by embedding information model as well as describing 

the generic objects for simulation of oil processing and mineral processing wherever needed and 

feasible, the framework can be extended to include oil handling networks (mainly comprising 



 

199 
 

blending, hauling and storage; if needed, processing involving chemical changes as well) and 

whole material handling networks of copper mines as well.  Since, in general, a material 

handling network process flow mirrors those of supply chains with its materials 

transport/handling and storage processes, this framework could be extended for simulation of 

supply chains spanning various products. 

Future extensions to two-level hierarchical simulation-based framework for optimal 

planning include comparison of alternative modeling of the train loading and machinery 

scheduling problems and their solutions method(s) with the performance of the framework 

proposed in Chapter 5; reduction of computational time can be one metric for comparison.  This 

can be addressed in future extensions to the two-level hierarchical framework.    

For the parallel-Direct search-based revenue maximization, performance testing 

involving a more comprehensive computer configuration with greater number of central and 

local computers can be a future extension.  As an extension to the robust revenue-maximization 

formulation, to further help mine managers informed decisions, cost factors such as tire cost, fuel 

and electricity costs could be added to objective and then, convert it into profit-maximization 

formulation.  The results will then not only give the maximum revenue for different 

configurations but also their corresponding costs.  This in turn would help plan for tire 

replacement and maintenance in addition to providing estimates of fuel and power consumptions 

over a period of truck-shovel-dump operations in the real mine.  Another topic for future work 

would be a modification to the proposed metamodel-based simulation optimization approach, 

where we proceed to stochastic programming once after having obtained a metamodel of the 

simulation model.  Since, this metamodel would be in closed form, this would help further 

explore better optimization methods in terms of computational efficiency and effectiveness 
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(maximize revenue and minimize estimated variance).  Following the techniques from large 

body of literature available that have addressed robustness in closed-form optimization 

formulations, these methods may directly focus on the closed form expression of variance of 

revenue to analyze the search space.  This will help arrive at the set of decision variables that 

deliver the lowest variance arising from aleatory uncertainty.   
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