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ABSTRACT 

 

 The main deciding factor on the purchase of a component brand for mining 

equipment is usually the retail price or acquisition cost differential of that component 

between different manufacturers. The components from different manufacturers will have 

different contributions to equipment downtime depending on their individual reliabilities, 

and therefore will directly influence revenue generation. The value of this downtime is 

often significantly higher than the differences in retail price or acquisition cost between 

the components. Compounding the situation is that mining companies do not have the 

models, tools and/or protocols to evaluate different component reliabilities and their 

immediate impact on the company’s cash flow. A comprehensive assessment of mining 

operations shows that there are no tools readily available to quantify that impact. As a 

result, this dissertation focuses on developing a methodology to establish these different 

reliabilities, how they affect equipment availability, and the immediate impact on a mining 

company’s cash flow. The methodology developed in this dissertation is evaluated by two 

approaches or (1) deterministic and (2) stochastic, based on Monte Carlo Simulation. To 

test the methodology, it is applied to two case studies involving hydraulic hoses from two 

different surface mines to quantify the relationship between component reliability, mining 

equipment availability and impact on the mining operation’s cash flow. The results from 

the models indicate that the lower reliability data set caused lower equipment availability 

and generated a larger net present value of the cash flows of the revenue loss than the 

data set with higher reliability. The results also indicate that the methodology can be 

successfully applied to any equipment component at any mine that uses a component 

reliability centered management program. The greatest contribution of this research is the 

methodology produced, which is a more viable alternative than conventional techniques 

to support operationally and financially effective equipment component purchasing 

decisions. 
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CHAPTER 1 

 INTRODUCTION AND BACKGROUND 

Supply chain inputs, such as consumables (hereon called inputs) and equipment 

components have a significant impact on the productivity and economic viability of mining 

operations. Performance differences between products, such as conveyor belts, rock 

bolts, and other consumable supplies, and replacement parts deeply influence the 

availability and operating efficiencies of capital equipment and facilities found in mines 

and processing plants. The common thread with all these inputs is that their quality and 

reliability will have an immediate and potentially profound economic impact that directly 

influences mine productivity and the direct costs of production. In addition, quite often this 

impact is significantly greater than initially anticipated by the mine operator in terms of 

scope and magnitude. The problem is often compounded by the fact that many mining 

companies see these inputs as mere commodities and fail to invest effort in quantifying 

the potentially deleterious effects in choosing one product brand over another. 

Furthermore, many mining operators are not equipped with the right models and internal 

capabilities to effectively evaluate the performance and true cost of competing products 

from different manufacturers. The suppliers of these inputs, on the other hand, usually 

understand the technical nuances and general applications of their products or services, 

but may not fully comprehend the intricacies of a given mining operation to effectively 

demonstrate how to evaluate the impact of their products on the entire mining production 

chain. Still, mine operators are usually unable to allocate the time and resources needed 

to partner with suppliers to perform this evaluation. A good example is a recent mining 

company that decided not to implement a proposal that would increase their annual 

revenue by $10M dollars by choosing one brand of these inputs over another. One 

supplier had a much more reliable product and offered to prove the higher reliability to the 

mining company through the implementation of a component replacement management 

program. The customer decided not to implement the program, citing the difference in 

purchase price between this supplier’s product and the competitor’s. The company shut 

the initiative down despite the real possibility of increasing the revenue due to reduced 

downtime of the two hydraulic shovels they had at the mine. Therefore, the overall intent 
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of this research is to allow purchasing agents and operational managers to quickly make 

economic decisions on choosing different components for their mobile and stationary 

mining equipment. These decisions should be based on the economic impact to the firm 

resulting from the different reliabilities of equal components from multiple brands and not 

primarily on the acquisition price of a given component. 

1.1 Problem Statement 

Many consumables currently used by mining companies are considered to be 

commodities (no difference in performance between brands from different 

manufacturers), and therefore, purchasing decisions for these items are made largely 

based on price. In most cases, mining companies do not have the models necessary to 

effectively evaluate the impact of such decisions because of the challenges associated 

with estimating how often an equipment component will fail, the risk posed by the failure 

to the overall system, and the total cost of that failure. Current reliability based algorithms 

deal mostly with understanding the details of individual cost elements and integrating 

them to produce the ultimate life cycle cost. For example, a typical equipment purchase 

consists of costs that are comprised of the capital, acquisition, mobilization, transport to 

site, commissioning, and local options. Parts, materials and labor represent the costs 

associated with all the maintenance tasks required to keep the equipment operating at its 

design capacity. Unfortunately, these types of analyses are generally made after 

components have already been purchased. Ideally, the analyses should start before the 

equipment is even manufactured and before any replacement components are purchased 

after the equipment is in operation. This, in turn, will create opportunities for better product 

and service research and development which will feed back into mining operations 

creating a closed loop of continuous improvement. A review of global purchasing 

practices at underground and surface mines has shown that no such protocol exists, 

where purchases are still largely decided on price. Another aspect of this problem is the 

key challenge facing modern maintenance managers in selecting the most appropriate 

techniques to deal with each type of failure process in order to fulfill the operational 

expectations of equipment in the most cost-effective and consistent way (Moubray, 1977). 

Reliability Centered Maintenance (RCM) is about equipment and it starts with a 

comprehensive review of the maintenance requirements of an equipment operating 
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regime to define the actions that will minimize the scheduled and unscheduled downtime 

and the risk associated with a component’s failure. Purchasing and mine managers 

should also take advantage of this approach to make better equipment component 

sourcing decisions that are based more on component reliability instead of on differences 

in the retail price of a component from different manufacturers. 

1.2 Background - Historical Application of Reliability Centered Maintenance in 

Mining Companies 

The following case studies demonstrate the application of RCM at three large 

mining companies and illustrate industry best practices regarding how such programs can 

be implemented. From the discussion of these case studies, an analysis of their benefits 

and limitations can be made that justifies the objectives of this research. 

1.2.1. Suncor  

Suncor is a leading oil sands mining company refining 462,000 barrels of crude 

per day at surface mines in Alberta, Canada. “In their view, reliability is defined as an 

asset performing its intended function, under stated conditions for a specified period of 

time” (Jean Pierre Pascoli, 2014). It also focuses on the probability of failures and the 

work that Suncor does to prevent failures. Suncor uses the principle of Asset Criticality 

Ranking that identifies which equipment’s failure has the greatest potential impact on the 

environment, health and safety, and other business goals. All maintenance significant 

equipment is ranked in its current normal operating / process conditions and maintenance 

programs, and this ranking will influence the level of rigor and depth of analysis 

appropriate to the consequence of failure. Table 1.1 shows the ranking strategy. This 

ranking strategy also motivates risk analysis where the consequence (severity) and 

probability of failure need to be defined. In practice, Figure 1.1 shows how the ranking is 

applied at Suncor. It is apparent that the success of this criticality ranking requires a fast, 

accurate, and repeatable process, expert cross-functional representation from the 

different departments at the mine or plant, an understanding of failure consequence and 

risk, and pre-work that involves baselining operations as they are today, coupled with 

their unreliability. The potential sources of unreliability can be expressed at a mine site as 

shown in Figure 1.2. The success of equipment maintenance strategy development and 
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implementation is dependent upon a team approach that is aligned, where efforts are 

prioritized and the maintenance philosophy is holistically considered end to end. 

 

Table 1.1 Asset Criticality Ranking (Pascoli, 2014) 

Asset Criticality Rank Receptors Consequence 

Severity (arbitrary 

dimensionless)  

A - Safety Critical Health and Safety 4 to 6 

B - Business Critical  Regulatory 
 Reputation 
 Economic Consequences 
 Environmental 

4 to 6 

C - Normal All Consequence Categories 1 to 3 

D - Non-Critical All Consequence Categories 1 to 3 

 

This can be summarized in Figure 1.3. “This reliability based feedback loop is the essence 

of Reliability Centered Maintenance at Suncor as it establishes the Asset Information 

Baseline for components on equipment at the mine or at the plant, their Time to Repair, 

Time to Failure, their Life Cycle and their criticality. In turn, these will define the 

appropriate methodology producing the maintenance strategy to keep the equipment 

operating at prescribed levels of performance and satisfactory levels of availability and 

productivity” (Pascoli, 2014). 

 

1.2.2. Cameco 

Cameco is one of the world's largest uranium producers providing approximately 

16% of the world's production from mines in Canada, the US and Kazakhstan (Arsenau, 

2014). The company holds an estimated 429 million pounds of proven and probable 

reserves, extensive resources and has focused its exploration programs on three 

continents with land holdings estimated at 4.2 million acres. This discussion focuses on  

 

 



5 

 

 

 
 
 
 

 

Figure 1.1 Risk Analysis and Criticality Ranking at Suncor (Pascoli, 2014) 
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Figure 1.2 Potential Sources of Unreliability at a Mine Site (Pascoli, 2014) 



7 

 

 

Figure 1.3 Equipment Maintenance Strategy Development and Implementation at 
Suncor (Pascoli, 2014) 
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the implementation of a Reliability Centered Maintenance Program at Cameco’s Port 

Hope Conversion facility in Canada. The facility is designed to convert purified uranium 

trioxide (UO3) to uranium hexafluoride (UF6) and uranium dioxide (UO2). These are 

intermediate products required in the production of fuel for light water and Candu-type 

heavy water nuclear reactors. A 2008 Reliability Assessment found that most of their 

maintenance practices were reactive as shown in Figure 1.4. The scoring system used 

an arbitrary system of numeric weights depending on whether the parameter being 

assessed was being addressed in a reactive, emerging, proactive, or excellent manner. 

The assessment’s final score of 0.313 showed a reactive approach to maintainability and 

reliability and indicated that the company lacked a forward-looking plan that was clear, 

embraced work processes, had effective key performance indicators (KPIs), and created 

responsibilities and accountability. This resulted in low employee involvement in 

improvement initiatives and low operating reliability of the facility. Ultimately, the low 

operating reliability caused high operating costs, uncertain fulfillment of future demand, 

and low confidence from regulators and the public at large. These shortcomings were 

really opportunities for operational improvement, and a program was put in place in 2010 

to realize the benefits of such opportunities. This program aimed at enabling consistent 

production at the licensed design capacity to attain greater efficiencies and reduce unit 

manufacturing costs. Cameco partnered with Life Cycle Engineering and created four 

internal management teams focusing on Work Processes, Materials, Reliability, and 

Operations. In addition, supplementary special teams, a site steering team, and a 

corporate support team were also created. The objectives of these special teams were to 

achieve quick wins, remove roadblocks, perform risk based asset management analysis, 

and manage the culture change process. The organizational chart of this structure is 

shown in Figure 1.5. The Reliability Engineering program adopted a newly created 

Reliability Engineer role, implemented a criticality component equipment ranking, a 

Failure Mode Effect Analysis (FMEA), and a Root Cause Analysis Report. This report 

documented and described an incident, its timeline, probable cause, and recommended 

action plan to avoid the occurrence of the incident in the first place. Another important 

development was the Production Loss Tracking in real time with the production losses 

being displayed on a monitor in the control room. The tracking involved the top 10 main 
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paretos sorted by equipment type and failure cause and was reviewed monthly with 

corresponding actions developed for the top three issues for each process area (Arsenau, 

2014). 

 

 

Figure 1.4 Cameco Reliability Assessment (Arsenau, 2014) 

 

A weekly KPI dashboard was also created with performance measures for the four 

management teams, including plant uptime and production. This improved plant reliability, 

promoted change in behavior, and resulted in UO2 and UF6 production records achieved 

in March 2013 and December 2014, respectively. Still, the main challenges of the 

implementation of the Reliability Centered Maintenance program were the lack of an 

automated KPI reporting tool and of a platform that could readily show the financial gains 

derived from the application of the program. 
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Figure 1.5 Reliability Organization at Cameco’s Port Hope Facility (Arsenau, 2014) 
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1.2.3. Sungun Copper Mine  

Sungun Copper Deposit is the second largest copper mine in Iran. Geological 

reserves of the deposit are estimated to be 828 million tons with an average copper grade 

of 0.62% (Mohammad and Sattarvand, 2014). The mining operation employs a fleet of 

52-HD 325 Komatsu (32-ton) and 20-HD 785 Komatsu (100-ton) trucks, respectively. This 

work is limited to the maintenance operation analysis of mine haul trucks and describes 

the applied reliability centered maintenance analysis process. The first aim is to decrease 

trucks’ sudden failures and breakdowns, improve the service lifetime, and to reduce the 

maintenance costs. The reliability management program coupled with preventive 

maintenance and inspection decreases the unexpected failures, enhances the service 

lifetime and reduces the maintenance costs. Collection of failure data was the first phase 

in this project. The resulting database was composed of operation time, age of the trucks, 

and maintenance data recorded for the trucks’ components. The assumption was made 

that the hardware, function, operational conditions, procedures, system structure, 

location, and environment were all similar. As a consequence, 10 haul trucks with 

approximately 15,000 operating hours each were chosen to support this assumption. 

Figure 1.6 demonstrates how the haul truck system is broken-down into its subsystems 

and components to analyze the system reliability. The failure mode and effect analysis 

(FMEA) approach was conducted to assess the significant failure modes for each 

component. Reliasoft’s Weibull++8 software was used to evaluate the reliability of both 

repairable and non-repairable items. In the repairable items, the Monte Carlo simulation 

and Maximum Likelihood Estimator method are combined for estimation of the Power 

Law Process (PLP) statistical parameters. This process is implemented by generating 

random variables from conditional Probability Density Function (PDF) for components’ 

failure times. Random variable sampling is accomplished in conditional Cumulative 

Distribution Function (CDF) plots. It is assumed that the time to first failure is fitted by the 

Weibull distribution. 
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Figure 1.6 Hierarchical Decomposition of Dump Truck System at Sungun Copper Mine 

(Mohammad and Sattarvand, 2014) 
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For non-repairable items, the probability plot provides a means of calculating the Weibull 

distribution parameters and assessing their reliability (Figure 1.7). Initially, the Time 

Between Failure (TBF) data are obtained and a suitable statistical distribution in the 

reliability software Weibull ++8 is fitted for each failure data set. Results of statistical 

estimations for some of the haul truck components (repairable and non-repairable items) 

are given in Table 1.2. The reliabilities of the haul truck system and its subsystems are 

temporarily estimated by the selection of an optimally fitted distribution and by considering 

their estimated parameters shown in Table 1.2. Figure 1.8 indicates that the truck’s 

transmission is the most unreliable subsystem and the frame and body are the most 

reliable subsystems (reliabilities for two sub-systems at 3,000 operation hours are 3x10-6 

and 0.36, respectively) in comparison to other subsystems’ reliabilities. Availability is 

another metric for performance analysis of the maintainable equipment. The availability 

of the truck system is a function of the subsystems and components’ reliabilities and 

maintenance efficiency. The input data for calculating availability are reliability distribution 

functions and the chosen maintenance policy for a specified time period. Monte Carlo 

simulation is utilized for modeling the failure behavior under the maintenance policies. 

The maintenance KPIs for the simulation process include time to repair, delay time for 

fault detection and diagnosis, and logistic delay times. The maintenance policies include 

inspection, correction, and preventive maintenance. The logistic delay times are the 

required time for providing spare parts and time before the crews start the tasks. Figure 

1.9 shows the availability and downtime of the various maintenance policies. The RCM 

program at the Sungun Copper Mine resulted in better maintenance decisions, 

establishment of condition monitoring of critical items, and efficient inventory of spare 

parts, and their reorder level. Therefore, equipment productivity and availability increased 

and operating costs declined. 
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Figure 1.7 Probability Plot of Unreliability where η is the slope and β is the shape factor 
for the unreliability curve (Reliasoft, 2008) 

 
 
 
 
 
 
 
 

http://www.reliawiki.org/index.php/File:WB.8_probability_plotting.png
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Table 1.2 Sample of Statistical Results for Select Haul Truck Components  
(Mohammad and Sattarvand, 2014) 

 

  
Time Between Failure 

Estimation 
Time to Repair Estimation 

Component Maintenance 
Optimal 

Fit 

Parameters 

Estimation 
Optimal Fit 

Parameters 

Estimation 

Engine Body GRP PLP 
β=2.87 

N-2P 
M=14.1 

η=10,887 hrs S=7.45 

Fuel RP W-2P 
β=1.47 

L-N-2P 
ML=0.99 

η=3237 hrs SL=0.47 

Radiator and 

Cab 
RP L-N 2P 

ML=7.81 
L-N-2P 

ML=1.1 

SL=0.98 SL=0.66 

Hydraulics GRP PLP 
β=2.41 

W-2P 
β=1.6 

Η=4,949 η=2.54 

 
 
 

Sub-

systems 

time (hrs) Engine Transmission Hydraulics Electrical

Frame 

and 

Body Tires

Dump 

Truck 

System

0 1 1 1 1 1 1 1

50 0.888 0.823 0.871 0.919 0.983 0.955 0.549

100 0.788 0.676 0.759 0.845 0.966 0.911 0.301

200 0.621 0.456 0.575 0.713 0.933 0.830 0.090

500 0.301 0.139 0.247 0.429 0.842 0.625 0.002

1000 0.088 0.018 0.058 0.183 0.710 0.387 5E-06

3000 0.0005 3.0E-06 0.0001 0.006 0.360 0.051 2E-17

 

Figure 1.8 Reliability of all truck systems at various times  
(Mohammad and Sattarvand, 2014) 
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Figure 1.9 Simulation Results for Estimating Availability and Downtime 
(Mohammad and Sattarvand, 2014) 

 
 

1.2.4. Benefits and Limitations of the Case Studies and Research Justification 

The case studies show that the companies were thorough in their technical 

treatment of the implementation of well-structured Reliability Centered Maintenance 

programs. The implementation of these programs increased process efficiencies and 

produced significant production gains due to an increase in availability of process and 

equipment components. However, they all failed to quantify, from a financial perspective, 

the changes in availability and production gains caused by changes in process or 

component reliability. As discussed in one of the studies, the most important deficiencies 

were the lack of an automated KPI reporting tool and a platform that could readily show 

the financial gains from the application of the Reliability Centered Maintenance Program. 

The KPI reporting tool is a product of the Reliability Centered Maintenance program and 

this research will produce the platform protocol intended to show the relative financial 

gain/loss from using equipment components with different reliabilities. 

1.3 Importance of the Problem 

Every day, mining companies around the world make purchasing decisions about 

every equipment component that is used in their operations. Because these purchasing 

decisions are based primarily on the retail pricing of the components from different 

manufacturers, the opportunity to understand the financial impact of those purchasing 

decisions is lost. The problem is compounded by the fact that purchasing agents have 

little awareness of that financial impact because they do not have a readily available 

protocol to calculate that impact nor the data to use in that protocol. That is why it is 

Feature Value Feature Value

Mean Availability (All Events) % 91.84 Uptime/Hrs 11,021   

Point Availability (All Events) at 12,000 

hours/% 93.50

Corrective Maintenance 

Downtime/hrs 766       

Mean Availability (w/o PM & Inspection)/ 93.61 Inspection Downtime/hrs 133       

Meant Time to Failure/Hrs 95.37

Preventive Maintenance 

Downtime/hrs 80         



17 

 

important for this research to produce this protocol to help establish well-structured 

Reliability Centered Maintenance Programs. Only through the integration of those two 

tools will optimized purchasing decisions occur. Certainly, the financial impact of reliability 

will not be the only factor influencing the purchasing decision, but it should be one of the 

main deciding factors in most cases. 

1.4 Objectives of this Research 

The objectives of this research are (1) to develop a protocol that will effectively 

evaluate the true economic impact of equipment components from different 

manufacturers relative to a mining operation’s cash flow, and (2) to assess if the utilization 

of Reliability Centered Maintenance (RCM) to analyze equipment availability is a superior 

way to determine the economic impact over conventional techniques. 

1.5 Originality of this Research 

A detailed literature review and an industry assessment have shown that there is 

no such protocol or model being used in the mining industry today that can readily 

establish the impact of purchasing components from different manufacturers and 

suppliers will have on a mining operation’s cash flow. 

1.6 Research Methodology 

The methodology adopted for this research is quantitative, and could be defined 

as a Causal/Comparative analysis. The hypothesis to be tested is that components with 

lower reliability will generate a higher Net Present Value revenue loss. The methodology 

compares the impact of independent variables or equipment availability (defined by a 

relationship between the reliability KPIs - Mean Time to Repair and Mean Time to Failure) 

will have on dependent variables, including a mining operation’s cash flow. The proposed 

research methodology is a combination of methods used to evaluate reliability, mining 

productivity, and value to a mining operator of mutually exclusive component alternatives. 

These will all play a role in defining the best component choice for a piece of mining 

equipment by identifying the key metrics that will have to be considered whenever a 
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component purchasing decision is needed. The key steps required to facilitate this 

development are: 

1) Develop the body of failure data for components of different Brands from a Reliability 

Centered Maintenance or Management program, 

2) Develop the KPIs for the components from the application of the RCM program, 

3) Build the model (s) to calculate the economic impact of the KPIs 

a. Analytical (Deterministic) Model, 

b. Monte Carlo (Stochastic) Simulation, 

4) Develop the KPI reporting structure, 

5) Represent the revenue loss due to downtime to the mine operator in terms of a 

Discounted Cash Flow Analysis, 

6) Build these logical steps into a spreadsheet or a web application readily usable by 

purchasing and operational managers, and 

7) Select which model is most applicable to actual situations at mining operations in order 

to calculate the economic impact. 

Today, commercially available software deals with one or some of the steps outlined 

above but not all of them simultaneously. This research will bring them altogether to 

enable purchasing decisions to be made not only on price considerations but, more 

importantly, on the reliability and economic impact of a component’s life cycle. 

1.7 Thesis Organization 

The thesis is organized in 8 chapters. A brief explanation of the content of each 

chapter is presented below. 

Chapter 1 - This chapter discusses the current strategies used by purchasing 

departments in mining companies when buying mining equipment components and how 

they can impact the cash flow at a mining operation. In addition, it describes three 

applications of Reliability Centered Maintenance Programs at different mine sites, 

examining their advantages and shortcomings. From these case studies, the importance 

of the problem to the mining industry is discussed and research objectives are defined. It 
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concludes by expressing the originality of the research, demonstrates how the thesis is 

organized, and sets the stage for the literature review in Chapter 2. 

 

Chapter 2 – This chapter contains the literature review and current state in the four main 

subjects that form the basis of this research. They include the maintenance policies of 

reliability centered maintenance, concepts of applied reliability centered maintenance, the 

application of Monte Carlo simulation, and the economic analysis of mutually exclusive 

service-producing alternatives. The review shows that there is no reference or source that 

brings all these subjects together to produce a platform or protocol that enables a mining 

company to evaluate purchasing decisions of mining equipment components with 

different reliabilities and the impact these different reliabilities will have on the cash flow. 

This confirms the originality, the purpose of this chapter, and the importance of this 

research. This chapter serves as the basis for building the model.  

 

Chapter 3 – This chapter covers reliability engineering definitions, justifications, and 

components. It then describes some of the mathematical concepts of reliability 

engineering applied to this research, and discusses why it is important to increase 

equipment reliability, particularly in mining. In addition, it presents an assessment of 

reliability simulation strategies for analyzing and evaluating reliability and availability for 

repairable and non-repairable systems commonly used in mining operations. Finally, it 

makes the case for using Monte Carlo Simulation as a tool to be applied to build the 

financial model under uncertainty dealing with the different reliabilities of equipment 

components that will be described in detail in Chapters 4 and 5. 

 

Chapter 4 - This chapter describes the Net Present Value definition and objectives and 

goes on to present the revenue and cost factors associated with a Net Present Value 

Analysis in Mining. It also demonstrates the development of the cash flow model with its 

inputs and outputs. It then discusses how to determine an adequate discount rate for the 

annual cash flows and introduces how to deal with risk in the analysis. Chapter 5 then 

describes the application of these factors to the Discounted Cash Flow Analysis with 

regards to risk and uncertainty and how they apply to the data analysis in this research. 
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Chapter 5 - This chapter discusses risk and uncertainties and their differences in capital 

investment decisions. It then describes the mining related parameters to be considered 

in the risk/uncertainty analysis. The chapter also includes an analytical probabilistic 

analysis which is applied in the analytical model. Finally, this chapter introduces the 

Monte Carlo Simulation process, which will be used in the research methodology. The 

application of the Analytical and Monte Carlo approaches is discussed in Chapter 6. 

 

Chapter 6 - This chapter discusses the data gathering methodology and considerations 

about how the data is treated to represent two different brands of the same component. 

It goes on to discuss the methodology, which is centered on building an Analytical Model 

and a Stochastic Model based on Monte Carlo Simulation. The probabilistic approach 

discussed in Chapter 5 is partially applied to the Analytical Model to show that a Maximum 

Rate of Return cannot be calculated since there is no capital investment. The chapter 

then discusses the application of the Monte Carlo Simulation method. Chapter 7 

discusses in detail the application of both models to the two case studies obtained for 

hydraulic hose assemblies and the results produced. 

 

Chapter 7 – This chapter describes how the research data was generated and how similar 

approaches can be implemented to generate reliability data for any mining equipment 

component. It also discusses how to calculate an appropriate discount rate to be used in 

the Net Present Value calculation. Moreover, the chapter shows that the data used in 

both models must be treated differently to reflect the uncertainty inherent to some of the 

parameters, which are deterministic in the Analytical Model and uncertain in the 

stochastic (Monte Carlo Model). Finally, the chapter shows the results for both models 

and discusses the implications on both data sets. 

 

Chapter 8 – The chapter summarizes the methodology, results and discusses the general 

model applicability for any components (not only for hydraulic hose assemblies), the 

model’s limitations, and future research.  
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CHAPTER 2 

LITERATURE REVIEW 

This Chapter is a summary of a literature review performed in support of the 

research objectives. The review focuses on Reliability Centered Maintenance, Applied 

Reliability Centered Maintenance, Monte Carlo Simulation, and explains the evaluation 

of the financial impact of different mining equipment component brands as it pertains to 

maximizing the benefit of possible alternatives. This review did not find a model or 

protocol that integrated these topics in a readily usable form necessary to make efficient 

selection decisions between alternatives. 

2.1 Mathematical Aspects of Reliability Centered Maintenance  

Resnikoff (1970) attempted to produce a mathematical description of a Reliability 

Centered Maintenance (RCM) program developed by United Airlines. His work allowed 

greater scrutiny of its underlying principles and encouraged the broader application of 

these complex systems to other industry sectors beyond commercial air fleet 

maintenance. This description focuses on the equipment components and their mutual 

relationships and interactions. A single-aircraft consists of tens of thousands of 

interrelated parts whose integrated and harmonious operation is necessary for successful 

aircraft operation. These systems and subsystems consist of sets of parts having many 

elements. Harmonious operation also means that, at least for aircraft engineers, the 

probability of failure, especially critical failures, should be less than one, which implies no 

loss of life is acceptable. This means that maintenance policies in aircraft engineering, 

seeking to eliminate the possibility of loss of life also restrict the production of data that 

needs to be used for the generation of the maintenance policies in the first place. The 

reason is because the aircraft design aims at preventing failures, thereby reducing the 

possibility of accidents and the production of failure data. Despite the inherent uncertainty, 

maintenance policy designers do have the advantage of experience gathered from the 

operation of previous generations of aircraft. Although those aircraft are different, both in 

the design and fabrication of many of their constituent parts and in the relationships 

among those parts, many constituents are unchanged, and most changes are minor from 

one design to the next. This continuity is probably the single greatest source of help and 
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information available to maintenance engineers while designing aircraft maintenance 

policies. Kolmogorov (1941) and Wiener (1958) were among the first to recognize the 

close relationship between statistics and information, particularly with regard to 

communication theory as put forth by Resnikoff (1970). Shannon (1948) expanded and 

developed these concepts to create a useful information theory. The application of 

Shannon's theory on maintenance policies requires that both the concepts of information 

and reliability consider the sets of components any equipment is made of, and the 

operational functionality defined for those sets. The collection of items in a piece of 

equipment is considered a set with an associated survival distribution. This set is broken 

down into independent elements with its own cost function that includes the direct and 

indirect estimated costs of a failure, plus all the costs associated with the maintenance 

program under consideration (element or part acquisition cost, labor, etc.). From an 

operations perspective, the objective is to minimize the sum of these cost functions, 

where any reduction in the cost functions of one independent element will reduce the 

global cost function of all elements provided there are no changes to the other elements’ 

cost functions. Hence, iteration of this process of local cost reduction for all elements in 

a set will lead, in the limit, to a local minimum of the total cost function for that set. 

Resnikoff (1970) indicated there is no way to prove that this local minimum will be the 

global minimum, nor is there an analytical way to estimate or accelerate the rate of 

convergence to the local minimum.  Resnikoff (1970) defined the cost function for a set 

of elements of a system S as: 

 C(t) =  ∑ Cλ(t) = λ∈Λ ∑ ∫ γλt0 (t)dFλ (t)λ∈Λ        (2.1) 

Where: 

C(t)  = Maintenance/failure cost function for the complex system, 

Λ  = Set of Elements of a system S, 

λ  = Typical element of the set of system S, 𝐶𝜆(t)  = Maintenance/failure cost function for the element λ of set Λ of the 

            complex system S, 𝛾𝜆(t)  = Maintenance/failure cost density of element λ of a set Λ of system S with    

respect to the failure distribution Fλ(t). 
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Equation 2.1, where ϒλ(t)≥0 and C(t) is a finite sum over all the elements of the partition 

Λ, can be described as the integral  ∫ γλ(t)ρλ(t)dtt0                                                                           (2.2) 

whose integrands are non-negative functions and the maintenance/failure cost density 

and the failure distribution of an element λ, respectively. Consequently, the total cost C(t) 

through time t will be reduced if one or more of the following three possibilities occur 

(Resnikoff, 1970): 

 

I. For some λ ϵ Λ there is a maintenance policy which replaces the failure cost density cλf (t) by a failure cost density cλf (t)∗ such that: cλf (t)∗≤ cλf (t) for all t and cλf (t)∗< cλf (t) for t in some open interval 

 

II. For some λ ϵ Λ there is a maintenance policy which replaces the maintenance cost 

function cλ,im (t) by a maintenance cost function cλ,im (t)∗ such that: cλ,im (t)∗≤cλ,im (t) for all t and cλ,im (t)∗<cλ,im (t) for t in some open interval 

 

III. For some λ ϵ Λ there is a maintenance policy which replaces the product γλ(t)ρλ(t) 
by a product γλ∗ (t)ρλ∗ (t) such that: γλ∗ (t)ρλ∗ (t)≤γλ(t)ρλ(t) for all t and  γλ∗ (t)ρλ∗ (t)<γλ(t)ρλ(t) for t in some open interval 

 

Maintenance policies of Type I occur when a component is redesigned to incorporate 

redundancy or other fail-safe design methods that reduce the cost of failure of the 

component without necessarily affecting its probability of failure. This type of policy tends 

to apply modifications in equipment design rather than in maintenance procedures. Type 

II policies are indifferent to survival distributions, and therefore, are independent of the 

properties of the equipment being maintained. They are principally managerial or 
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organizational policies concerned with issues such as scheduling of periodic maintenance 

tasks, the location of maintenance depots, and/or provisions for storage of replacement 

parts in adequate number to reduce downtime revenue loss while avoiding costs 

associated with excessive replacement parts inventories. Optimal Type II policies can be 

difficult to identify and implement, but managers and cost accountants have always 

understood their nature and importance. Nevertheless, the large costs of critical failures 

will not be counterbalanced by efficiencies from Type II policies because they will not 

affect the survival distribution or the cost of failure. The most significant opportunities for 

the introduction of maintenance policies that reduce C(t) are of Type III, which can be 

further categorized into three subtypes. Using the notations and constraints given in (III) 

above, they can be expressed as follows: 

 

IIIA. γλ∗ (t)≥ γλ(t) and ρλ∗ (t)≤ ρλ(t) for all t; 

IIIB. γλ∗ (t) ≤  γλ(t) and ρλ∗ (t)≥ ρλ(t) for all t; 

IIIC. Intervals where ρλ∗ (t)< ρλ(t) and ρλ∗ (t)> ρλ(t)  

 

In IIIA, the reduction in the probability of failure density may result in an increase in 

maintenance costs. For example, purchases of more expensive components may result 

in better equipment reliability and longer life under similar operating conditions. If a failure 

of the component is critical with a corresponding large cost cλf (t), and it fails less 

frequently, the product γλ(t)ρλ(t) will generally be reduced, often by a substantial amount. 

Maintenance policies of this type correspond to situations where additional investment in 

more reliable components that are associated with large failure costs results in a 

significant decrease in the failure density or frequency. Essential for the effective 

introduction of Type IIIA maintenance policies is an evaluation of failure modes and the 

consequences of failure. Based upon this information, maintenance policies of Type IIIA 

can reduce C(t) by reducing unscheduled failure events. In addition, the introduction of 

inspections and monitoring activities may also increase maintenance costs, but are 

usually offset by the reduction in the frequency and potentially high cost of unexpected 

failures. This is particularly applicable to mobile mining equipment and hydraulic hoses, 

where any hydraulic hose failure causes operation of the equipment to cease. Resnikoff 
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(1970) explains “policies of Type IIIB are particularly effective when applied to items with 

non-significant cost of failure. They decrease the cost density γλ(t) while possibly 

increasing the failure density ρλ(t) in a manner that decreases the value of the product of 

these two functions. If the failure of an item is not significant, this means that the failure 

cost density cλf (t) reduces to the cost of replacing the failed item. If this is less than the 

cost of maintenance over the lifetime of the item, then the cost density product is reduced 

by implementing this policy.” Overhauling seat recliners on an airplane is an example of 

such a policy. Periodical overhauls could become costly compared with the imputed cost 

of a recliner failure. In this example, continued overhauls would increase the replacement 

or failure density, so applying condition monitoring instead of replacing seat recliners 

would reduce cλ(t) and thus C(t). In policies of Type IIIC, neither the cost densities nor 

the failure densities exhibit linearly decreasing behavior as time increases, but the policy 

does achieve an overall cost reduction over each iteration of the application of the 

maintenance policy. It is clear that, for the purposes of this research, the most 

representative maintenance policy is Type IIIA. 

 

2.2 Applied Reliability Centered Maintenance 

Reliability Centered Maintenance (RCM) is a maintenance paradigm that seeks an 

understanding of an operator’s goals, needs and equipment to develop a maintenance 

strategy that will optimize the operator’s desired outcomes (August,1999). It breaks down 

silos between operations and maintenance requiring their open and constructive 

collaboration. Early in the 20th century, due to the application of organizational models 

such as Total Quality Management (TQM), several American companies led the world in 

manufacturing efficiency and created a strong demand for American made goods. As skill 

levels and standards of living changed, the workforce changed as well. Inflation in the 

1970s also caused cultural and social change while reducing the availability of capital. 

The energy crisis developed and global competition increased. With the rise in 

manufacturing capability in other countries, such as Japan, American industries were put 

on the defensive, where their industrial hegemony ended. The United States (U.S.) was 

still the leader in international trade but, as the century progressed, it became clear that 

existing processes would have to change in order to improve U.S. global competitiveness. 
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RCM appeared in this context connecting reliability engineering and the workplace, 

creating production focus. At least 10 different commercially available software packages 

currently allow users to perform RCM. RCM is also referred to by other names such as 

Preventive Maintenance Optimization (PMO), where there are competing versions of 

RCM. They all aim at continual cost reduction and the development of the ability to identify 

and eliminate low value work at the system and equipment level. RCM-minded 

organizations do not just operate plants/equipment; they improve plant/equipment 

operations. The aforementioned work also provides many of the concise RCM terms, 

such as condition monitoring, maintenance task, logic tree analysis, and failure finding. 

Spin-off benefits included the development of Failure Mode and Effect Analysis (FMEA), 

Fault Tree Analysis and Management System (FTA), and Management System Failure 

Analysis and Management Oversight Risk Tree (MORT) (August, 1999). By the late 

1950s, preventive maintenance (PM) had developed into a competitive management 

philosophy. Its premise is that failures should not occur if equipment components are 

properly maintained and replacement scheduling is usually based on a time frame 

specified by the equipment manufacturer, hence, the name Time Based Maintenance 

(TBM). Significant technology developments lowered component life-cycle costs, allowing 

them to be replaced before they failed, thus leading to another important maintenance 

concept called Predictive Maintenance (PdM). Most maintenance practitioners and 

managers embraced PdM applications, such as vibration monitoring, oil sample analysis, 

multi-channel analyzers, and remote telemetered data. Regulators also saw the appeal 

of PdM applications, such that they sometimes mandated their use (August, 1999). 

Conversely, a large proportion of failure modes are not age-related, because conducting 

age-related maintenance (PM) may not make technical sense. For such failures, PdM is 

the preferred solution provided that the correct diagnostic models are used and the ability 

to interpret the data exists. RCM also helps define how often readings should be taken. 

In this context, RCM focuses on the system of components, component failure 

classification by modes, assessment of failure modes, and numerical and statistical data 

evaluations of large equipment populations. In addition, Monte Carlo Simulations, in an 

inexpensive way, help to generate Mean Time Between Failures (MTBF) and Mean Time 

to Repair (MTTR) for different components based on lab or field data. This RCM focus 
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breaks silos between operations, maintenance, and engineering by establishing KPIs that 

measure the performance of all three functional groups in an industrial organization. While 

traditional RCM includes a rigorous task selection methodology or process that follows 

detailed flow paths to document decision making, August (August, 1999) defines Applied 

RCM (ARCM) as a methodology that simplifies and summarizes the results of task 

selection, supports standardization, and identifies general maintenance strategies. 

Applied RCM prevents functional losses by managing failures and leads to process 

improvement. The overall objective is to meet mission goals, usually measured in terms 

of cost, safety, and risk. 

 

2.3 The application of Monte Carlo Simulation (MCS) to establish Time Between 

Failures  

Mobile mining equipment can have many systems of components (hydraulics, 

transmission, engine, etc.). Each component can be in a number of states, such as 

working, failed, standby, etc. During its life, a component may move from one state to 

another by a step which occurs stochastically in time and whose outcome (new state 

reached) is also stochastic (Zio, 2013). The full description of the system’s random and 

uncertain behavior in time is given by the probability that the system steps, at a given 

time, from the current state to a new state. The states can then be numbered by an index 

that sequences all the possible combinations of all the states of the components of the 

system. More specifically, let kn be the index that identifies the configuration reached by 

the system at the n-th step and tn be the time at which the step has occurred. Then 

consider the generic step which has occurred at time t’ with the system entering state k’ 

as shown in Figure 2.1. The probabilities that govern the occurrence of the next system 

step at time t which lead the system into state k are (Zio, 2013): 

 

 “T(t|t’,k’)dt which is the conditional probability that the system makes the next step 

between t and t+dt, given that the previous step has occurred at time t’ and that the system 

has entered state k’. 
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Figure 2.1 Random Step or System Transition (t’,k’)(k,t) (Zio, 2013) 

 

 C(k|k’,t) which is the conditional probability that the system enters in state k as a 

result of the step occurring at time t when the system leaves state k’. The probabilities 

defined above are normalized as follows: ∫ 𝑇(𝑡|𝑡′, 𝑘′)𝑑𝑡 ≤ 1∞𝑡′                                                (2.3) 

and  ∑ 𝐶(𝑘|𝑘′, 𝑡) = 1;            𝐶(𝑘|𝑘, 𝑡) = 0𝑘∈𝛺                    (2.4) 

 

where 𝛀 is the set of all possible states of the system. Note that T(t|t’,k’) may not be 

normalized to one since with probability 1-∫ 𝑇(𝑡|𝑡′, 𝑘′)𝑑𝑡, the system may fall at t’ in an 

absorbing state k’ from which it cannot exit due to the zero probability of a new step. 

Equations 2.3 and 2.4 describe how the step (t’,k’)  (t,k) times are stochastically 

sampled for any step described as the product of the conditional probability that the 

system makes the next step between t’ and t = t’+dt and the conditional probability that 

the system enters in state k at time t after the system leaves state k’. 

K(t,k/t’,k’) = T(t|t’,k’)C(k|k’,t)                             (2.5) 

The analysis of system reliability using MCS involves performing an experiment with 

many stochastic systems, each one behaving differently from the other. These systems 

are tested for a given time and their failure occurrences are recorded (Dubi, 1999). This 

is the same procedure adopted in the reliability tests performed on individual components 
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to estimate their failure rates, mean times to failure, or other parameters characteristic of 

their failure behavior. Many failure tests can be done in a laboratory; at acceptable costs 

and within reasonable time frames. The problem arises when it is desired to assess the 

failure behavior of equipment components in field applications. Thus, instead of making 

physical tests on a component, its stochastic step amongst different states is modeled by 

defining its conditional probability that the system enters in state k at time t when the 

system leaves state k’ as seen before. Many states are generated by sampling from the 

times and outcomes of the steps. Figure 2.2 shows a number of these states on the plane 

State vs. Time. The vertical axis shows the various states a system or component can be 

in and the horizontal axis shows time. In such a plane, the states take the form of random 

straight segments parallel to the time axis. Vertical random steps to new system states 

occur at random times. For reliability analysis, a subset 𝜏 of the system states is identified 

as the set of fault states. Whenever the system enters one such state, its failure is 

recorded together with its time of occurrence. With reference to a given time t of interest, 

an estimate ḞT(t) of the probability of system failure before such time (i.e., the unreliability �̂�T(t)) can be obtained (Zio, 2013). This unreliability is defined by dividing the number of 

random steps that register a system failure before t by the total number of random states 

generated. At time 𝜏 when the system enters a failure state, a one is collected into all the 

unreliability counters CR(t) associated to time t successive to the failure occurrence time, 

i.e., t ϵ | 𝜏,TM as shown in Figure 2.3 (Zio, 2013). After simulating a large number of 

random states M, an estimate of the system unreliability can be obtained by simply 

dividing by M, the sum of the contents of the counters CR(t), t ϵ[0,TM]. The counters CR(t) 

produce the number of failures, and with the time the system was in operation during the 

simulation, a simple division defines the Mean Time Between Failures.  
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Figure 2.2 System Random States in the System Configuration vs. Time Plane.  
Vertical Axis represents the random states the system is in at any time t in the 

Horizontal Axis, during the simulation. Squares represent transition points, circle bullets 
represent fault states, and dashed lines represent transitions leading to system failure 

before the mission time TM is reached (Zio, 2013) 
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Figure 2.3 MCS estimation procedure of unreliability F𝜏(𝑡). In the second and third 
simulations failure occurs and ones are accumulated in the counters CR(t). At 

mission time (Tm) the quantity 
𝐶𝑅(𝑡)𝑀  gives the frequency of failures and the estimate 

of the system unreliability at time t. (Zio, 2013) 
  

2.4 The Application of the Economic Analysis of Mutually Exclusive Service-

Producing Alternatives  

Comparing mutually exclusive alternatives means making an analysis of several 

alternatives from which only one can be selected, such as the way to select an equipment 

component that will provide the best service in terms of its reliability and service life. 

Whenever an economic choice must be made between several alternatives, and selecting 

one of the choices excludes, in the foreseeable future, being able to invest in the other 

choices, this condition defines mutually exclusive alternative analysis (Stermole, 2012). 
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This analysis is also valid when purchasing components for mining equipment. Mining 

operations should buy equipment components only after a systematic performance 

review of these components has been performed. This review should ultimately lead to a 

financial analysis of this performance. In this context, incremental discounted cash flow 

analysis is the correct model to decide which component should be purchased. 

Incremental analysis will define which component will provide the best Rate of Return 

(ROR) and Net Present Value (NPV) from an operational perspective. Incremental 

analysis then defines if the extra cost of one alternative will generate more or less profit 

(or savings) than another. In particular, ROR analysis for mutually exclusive alternatives 

is based on testing to see that each satisfactory level of investment meets (1) the rate of 

return on total individual component investment that must be greater than or equal to the 

minimum rate of return, “i*” and (2) that the rate of return on incremental investment 

compared to the last satisfactory level of investment must be greater than or equal to the 

minimum ROR, “i*” (Stermole, 2012). The component that meets both tests should be the 

economic choice. The other requirement is the NPV analysis. It determines that the net 

value on total individual component investment must be positive and that the incremental 

net value of the higher priced component against the less expensive component must be 

positive. The alternative with the largest positive net value is the economic choice. In 

addition, it is apparent that the less reliable component will cause a greater revenue loss 

than the more reliable component and that should be considered in the analysis. The cost 

differential between the components should also be considered. The literature review 

indicates that no financial model exists relating maintenance policies, reliability, system / 

component random behavior, applied concepts of reliability and financial analysis to help 

a mining company better select and purchase one equipment component over another. 

This research aims to fill this gap. The next chapter focuses on reliability engineering and 

how it is applied to provide some of the parameters used in building the financial model. 
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CHAPTER 3 

RELIABILITY ENGINEERING FUNDAMENTALS 

Reliability parameters are key to this research. Therefore, this chapter describes 

the fundamentals of reliability engineering, defines the mathematical parameters of 

equipment reliability analysis, compares different reliability simulation models, and 

analyzes mining equipment reliability measures. It then identifies the analytical approach 

that will be utilized in the research methodology. 

3.1. Definitions, Justifications and Components 

Reliability Engineering is the branch of engineering composed of principles and 

practices associated with reliability requirements, such as prediction of failure time and 

conditions, and their translation into factors governing product design and production 

(Business Dictionary, 2017). It is used to ensure that a system will be ready for use when 

required, will successfully perform assigned or designed (intended) functions, and can be 

maintained in its operational state over its specified useful life. Reliability engineering 

consists of the systematic application of those principles and techniques throughout a 

product lifecycle and is thus, an essential component of a good Product Lifecycle 

Management (PLM) program. The goal of Reliability Engineering is to evaluate the 

inherent reliability of a product or process and pinpoint potential areas for improvement. 

Realistically, all failures cannot be eliminated from a design, so another goal of Reliability 

Engineering is to identify the most likely failures and then identify appropriate actions to 

mitigate the effects of those failures. It applies the knowledge of predictive, analytical, and 

compliance technologies to support the adaptation and application of concepts such as 

Total Productive Maintenance (TPM) and Reliability Centered Maintenance (RCM). The 

first seeks to significantly increase production, employee morale, and job satisfaction 

(Introduction to Total Productive Maintenance, 2017). The second is a corporate-level 

maintenance strategy that is implemented to optimize the maintenance program of a 

company or facility (Maintenance Strategies, 2017) seeking to maintain production in a 

cost effective manner. It also supports the development and implementation of proactive 

Maintenance & Repair (M&R) plans that reduce unscheduled maintenance requirements, 

minimize the use and costs of reactive maintenance, and maximize the benefits of 

http://www.businessdictionary.com/definition/principles.html
http://www.businessdictionary.com/definition/associated.html
http://www.businessdictionary.com/definition/reliability.html
http://www.businessdictionary.com/definition/requirements.html
http://www.businessdictionary.com/definition/failure.html
http://www.businessdictionary.com/definition/translation.html
http://www.businessdictionary.com/definition/product-design.html
http://www.businessdictionary.com/definition/production.html
http://www.businessdictionary.com/definition/reliability-engineering.html
http://www.businessdictionary.com/definition/system.html
http://www.businessdictionary.com/definition/required.html
http://www.businessdictionary.com/definition/useful-life.html
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Preventive Maintenance (PM) and Predictive Maintenance (PdM). During design, 

reliability engineering provides tools to predict reliability and actions to improve reliability, 

such as redundancy, parts derating, Failure Mode and Effects Analysis, and other asset 

management tactics. Also during design, reliability engineering promotes studies of the 

trade-off between cost, performance and reliability, and defines test procedures for the 

development and pre-production phases. There are several reasons why reliability is an 

important factor that mining companies and component manufacturers need to consider, 

including:  

 The more reliable a component is, the more likely equipment availability will be 

higher potentially increasing production.  

 While a reliable product may not dramatically affect end-user satisfaction in a 

positive manner, an unreliable product will negatively affect end-user satisfaction in 

a significant way. 

 Failures during the warranty period will negatively impact costs and profits for the 

manufacturer and detract from its reputation. 

 Improved reliability shows end-users that the manufacturer is serious about its 

product performance and committed to end-user satisfaction. This will create a 

positive impact on the end-user and lead to increased business results for the 

manufacturer and end-user alike.  

 Use of more reliable components will help end-users verify that although their initial 

retail cost may be higher, their life-cycle cost is much lower compared to a less 

reliable component due to the lower repair, maintenance requirements and 

downtime. 

Reliability Engineering can be done by a variety of engineers and operating units at a 

mine site. The Reliability Engineering activity should be an ongoing process starting at 

the conceptual phase of a product design and continuing throughout all phases of a 

product lifecycle. The goal is to identify potential reliability problems as early as possible 

in the product lifecycle. While it may never be too late to improve the reliability of a 

product, changes to a design are orders of magnitude less expensive in the early part of 
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a design phase rather than once the product is manufactured and in service. The 

components of Reliability Engineering are necessary documentation, a thorough 

understanding of the relevant mathematical concepts, measurements, and models used 

to simulate reliability wherever they are applicable.    

3.2. Mathematical Definitions of Reliability Engineering 

The most common mathematical terms used in Reliability Engineering are Mean 

Time Between Failures (MTBF), Mean Time to Repair(MTTR), Mean Time to Failure 

(MTTF), and Failure in Time (FIT). These measures represent ways of providing a 

numeric value based on a compilation of data to quantify a failure rate and the resulting 

time of expected performance. Usually, these measures are expressed in hours. MTBF 

is a reliability term used to provide the amount of failures in a certain amount of time for 

repairable items or components. It is the most common metric used to describe a 

product’s life span and is important in the purchasing process for the end user. Some 

engineers consider that this metric is only important for industries and system integrators 

who measure the amount of failures per million hours for a product. This research will 

show that this metric is also important for mining companies who rely on high levels of 

equipment availability to ensure they achieve a desired productivity and operational cash 

flows. The problem lies on the fact that mining companies do not have a mechanism to 

readily evaluate the reliability of components of mining equipment, where buying 

decisions end up being made solely on price and not on the different reliabilities of 

different components. TTR is the time needed to repair a failed hardware or component 

and in that sense, MTTR would be the mean time to repair. MTTR is critical to the 

availability as well, because it affects both scheduled and unscheduled maintenance and 

defines the turnaround time of repairing a piece of equipment and putting it back in 

operation. Mean Time to Failure (MTTF) is different from MTBF, where the main 

difference is related to suspensions. A suspension occurs in reliability testing when a 

destructive test has been completed without the occurrence of a failure. The MTTF is 

specifically used for non-repairable systems and is defined as the number of hours of 

service of all devices divided by the number of devices. MTTF is the mean time until the 

first failure of a component on a piece of equipment. Although MTBF should be used only 
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for repairable items, while MTTF should be used only for non-repairable items, MTBF is 

commonly used for both. Figure 3.1 shows the relation between MTBF, MTTR, and 

MTTF. 

 

Figure 3.1 Graphical Meaning of Reliability Measures (ASQ Reliability Division, 2017) 

When all parts fail with the same failure mode, MTBF approaches MTTF. MTTF is defined 

as (Speaks, 2017): 𝑀𝑇𝑇𝐹 = 𝛾 = 𝑇𝑁          (3.1) 

where 𝛾 = MTTF 

T = Total Time 

N = Number of devices tested 

For constant failure rates λ, the MTBF can be expressed as (Gookyi Agyemanh Nana 

Dennis, 2017 and B. S. Dillon, 2008): 𝑀𝑇𝐵𝐹 = 1𝜆          (3.2) 

For constant repair rate µ the MTTR can be expressed as: 𝑀𝑇𝑇𝑅 =  1𝜇          (3.3) 
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These equations and concepts lead to the definition of Maintainability and Availability. 

The probability that a failed system will be restored to working order within a specified 

time is called the maintainability of the system, which can be expressed as: 𝑀(𝑡) = 1 − exp(−𝜇𝑡) = 1 − exp (− 𝑡𝑀𝑇𝑇𝑅)      (3.4)  

Where t is the time allotted to the maintenance action. This time is broadly defined as 

passive and active repair time. The passive repair time is mainly determined by the time 

taken by service engineers to travel to the customer site. In many cases, the cost of travel 

time exceeds the cost of the actual repair. The active repair time is the time that it takes 

to identify that a failure has occurred, to isolate the faulty component, to replace the 

component, and to verify that the system is back to fully operational condition. Availability 

is defined as the probability that the system will be functioning per expectations at any 

time during its scheduled working period, and it is expressed as:  𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =  𝑀𝑇𝐵𝐹(𝑀𝑇𝐵𝐹+𝑀𝑇𝑇𝑅)       (3.5)  

Which can also be expressed for mining equipment as:  𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 (𝐴𝑉𝑚) = (𝑇𝐻−𝐷𝑇)𝑇𝐻 𝑥 100         (3.6)  

where 

TH = Total time in hours 

DT = Downtime in hours 

The Mean Time Between Failures is expressed in mining as: 𝑀𝑇𝐵𝐹 =  (𝑇𝐻−𝐷𝑇−𝑆𝐻)𝑁𝐹          (3.7) 

  

where 

SH = Standby Hours 

NF = Number of Failures of the equipment or component 

Utilization is then expressed as: 𝑈𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 (𝑈) =  (𝑇𝐻−𝐷𝑇−𝑆𝐻)(𝑇𝐻−𝐷𝑇) 𝑥100      (3.8) 

  

The reliability of mining equipment can be expressed as: 𝑅(𝑡) = 𝑒(− 𝑡𝑀𝑇𝐵𝐹)         (3.9) 
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But from the exponential law and for λt very small produces:  𝑅(𝑡) = 1 −  𝜆𝑡 = 1 − 𝑡𝑀𝑇𝐵𝐹          (3.10) 

Another concept in Reliability Analysis is Unreliability (F(t)) which is the number of 

components failed per time t divided by the total number of samples tested. It is defined 

as: 𝑅(𝑡) + 𝐹(𝑡) = 1         (3.11) 𝑈𝑛𝑟𝑒𝑙𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = 𝐹(𝑡) = 1 − 𝑅(𝑡)       (3.12) 

There are several reasons why an operator would wish to increase the reliability of mining 

equipment, such as maximizing profit, reducing the costs associated with poor reliability 

of mining equipment and components, reducing the number of unscheduled failures, 

providing more accurate short, medium and long-term forecasts for available equipment 

hours, increasing cash flow of operations, and becoming more competitive in the market 

place. Given that mining operations are composed of discrete unit operations, it is 

necessary that the reliability of the equipment used to effectively carry out these unit 

operations be maximized. To the mining company, reliability is measured by a desired 

failure free operation. Long periods of failure free interruptions result in increased 

production and less consumption of spare parts, less manpower for maintenance 

activities, and lead to lower operating costs. Conversely, higher reliability means 

increased equipment availability with (assuming utilization is maintained or improved) 

higher production outputs which increases revenues, with higher margins. It all translates 

into more competitive and cost-efficient operations. The costs of increasing reliability are 

therefore, predicted to be minimum when compared to the value created. For a mining 

company with systems requiring many maintenance actions, one philosophy is to perform 

maintenance actions quickly to reduce the Mean Time to Repair. However, another way 

to solve this problem is to increase the reliability of components, reducing the number of 

failures, and the hidden costs associated with these failures, such as production losses. 

The value of these production losses due to equipment downtime can be orders of 

magnitude higher than the retail price of a failed component and the cost of possible 

actions taken to reduce the Time to Repair. High reliability and maintainability of mining 

systems drive effective systems and should motivate mining companies to perform trade 
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off studies with the various brands of components they purchase to always select the 

products (or services) that will maximize their operational reliability (Reliability Web, 2017, 

Barringer, 1996). 

3.3. Repairable and Non-Repairable Systems 

It is important to distinguish between repairable and non-repairable items when 

predicting or measuring reliability. For non-repairable items, such as hydraulic hoses, 

brake pads, or air and oil filters, reliability is the survival probability over the item's 

expected life, or for a period during its life, when only one failure can occur. During the 

item's life, the instantaneous probability of the first and only failure is called the hazard 

rate. Life values, such as the mean life or mean time to failure (MTTF), or the expected 

life by which a certain percentage might have failed (i.e. 10%.), are other reliability 

characteristics that are commonly used. Note that non-repairable items may be individual 

parts (e.g., light bulbs, or transistors) or systems comprised of many parts (e.g., 

spacecraft, and microprocessors). When a part fails in a non-repairable system, the 

system usually fails and system reliability is, therefore, a function of the time to the first 

part failure. For items which are repaired when they fail, reliability is the probability that 

failure will not occur in the period of interest, when more than one failure can occur. It can 

also be expressed as the failure rate or the rate of occurrence of failures (ROCOF). 

Repairable system reliability can also be characterized by the mean time between failures 

(MTBF), but only under the condition of a constant failure rate. The availability of 

repairable items is also a concern, since repair takes time. Availability is affected by the 

rate of occurrence of failures (failure rate) and by maintenance time. Maintenance can be 

corrective (i.e. repair) or preventive (to reduce the likelihood of failure, e.g. lubrication). 

Therefore, it is crucial to understand the relationship between reliability and maintenance, 

and how both reliability and maintainability can affect availability. Sometimes an item may 

be considered as both repairable and non-repairable. For example, a missile is a 

repairable system whilst it is in storage and subjected to scheduled tests, but it becomes 

a non-repairable system when it is launched. Reliability analysis of such systems must 

consider these separate states. Reparability might also be determined by other 

considerations. For example, whether a TV electronics board is treated as a repairable 
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item or not will depend upon the cost of repair. An engine or vehicle will be treated as 

repairable only up to a certain age. 

3.4. The Pattern of Failures with Time (Non-Repairable Items) 

Calculating the failure rate for progressively smaller intervals of time results in the 

hazard function or hazard rate shown in Figure 3.2. The hazard rate may be decreasing, 

increasing, or constant. The variation of the hazard rate with time tells much about the 

causes of failure and the reliability of the item being investigated. A constant hazard rate 

is characteristic of failures that are caused by the application of loads greater than the 

design strength, at a constant average rate. For example, overstress failures due to 

accidental or transient circuit overload, or maintenance-induced failures of mechanical 

equipment, typically occur randomly and at a generally constant rate. Material fatigue 

brought about by strength deterioration due to cyclic loading is a failure mode that does 

not occur for a finite time, and then exhibits an increasing probability of occurrence 

(Reliability Web, 2017). Decreasing hazard rates are observed in items, such as 

electronic equipment and parts, that become less likely to fail as their survival time 

increases. `Burn-in' of electronic parts is a good example of the way in which knowledge 

of a decreasing hazard rate is used to generate an improvement in reliability. The parts 

are tested under accelerated stress conditions for a time before delivery. As substandard 

parts fail and are rejected more reliable parts remain and the hazard rate decreases. This 

helps the company address defects in manufacturing and design, which increases the 

reliability of the product population. Increasing hazard rate defines the wear-out period 

that happens due to fatigue or depletion of materials that support the operational 

performance of a given product. A product manufacturer must assure that all specified 

materials are adequate to function through the intended product life. The actual time 

periods for these three characteristic failure distributions can vary greatly (Wilkins, 2002). 

Infant mortality is the time over which the failure rate of a product is decreasing, and may 

last a long time. Conversely, wear-out is not always defined as the time long after the 

expected product life as it defines a period where the failure rate is increasing and it might 

happen early in the product’s life with significant consequences for warranty costs and 

customer satisfaction. Theoretically, the failures during normal life are random with an 
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approximate constant rate when measured over time. Because these failures may incur 

warranty expense or create service support costs, they determine that the bottom of the 

bathtub curve should be as low as possible (Wilkins, 2002). Furthermore, wear out type 

failures should not occur during the expected useful lifetime of the product. Figure 3.2 

shows an initial decreasing hazard rate or infant mortality period, an intermediate useful 

life period, and a final wear-out period. This curve is generated by mapping or combining 

the rate of early “infant mortality” failures when a product is first introduced, the rate of 

random failures with constant failure rates during the product “useful life”, and finally, the 

rate of wear out failures as the product exceeds its design lifetime. 

 

Figure 3.2 Hazard Rate Bathtub Curve formed by adding the Infant Mortality, Constant 
Failure and Wearout Curves 

(Introduction to Reliability Engineering, 2017) 

 

3.5. The Patterns of Failure with Time (Repairable Items) 

The failure rates (ROCOF) of repairable items can also vary with time, and 

important implications can be derived from these trends. A constant failure rate (CFR) is 

indicative of failures caused by factors from the environment where the component is 

being used, as in the constant hazard rate situation for non-repairable items. A CFR is 

typical of complex systems subject to repair and overhaul, where different parts exhibit 

different patterns of failure with time and parts have different ages since a given repair 
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date. Repairable systems can show a decreasing failure rate (DFR) when reliability is 

improved by progressive repair, as defective parts that fail relatively early are replaced. 

`Burn in' or accelerated failure testing is applied to electronic systems, as well as to parts, 

for this purpose. An increasing failure rate (IFR) occurs in repairable systems when wear 

out failure modes of parts become more frequent with time. The pattern of failures with 

time of repairable systems can be illustrated by use of the bathtub curve but with the 

failure rate (ROCOF) plotted against age instead of the hazard rate in Figure 3.3.  

 

Figure 3.3 The Failure Rate`bathtub' Curve formed by adding the Infant Mortality 
Failures, Constant Failures and Wearout Failures Curves (Bathtub Curve, 2017) 

3.6. Reliability Simulation Modeling 

Simulations have been used by many reliability engineers and researchers for 

analyzing and evaluating reliability and availability for repairable and non-repairable 

systems (Rao and Naikan, 2016). Simulations provide engineers with understanding of 

system processes, model formulation, importance measures for evaluating system 

components and means to estimate system availability. In addition, simulations helped to 

achieve early reliability prediction in systems still in conceptual design regardless of the 

https://en.wikipedia.org/wiki/Bathtub_curve
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size of these systems. Simulation programs can deal with modifications of estimation 

parameters and model sub-systems so that the entire system can be analyzed and 

evaluated as to its reliability, availability, and maintainability. Table 3.1 shows the 

simulation models found in the literature with their applications, as well as their 

advantages and disadvantages. Of all the methods reviewed, the one that is most 

applicable to the objectives of this research is the Monte Carlo Simulation Method due to 

its flexibility, commercially available software, and widespread use in general reliability 

simulation problems. 

3.7. Reliability Economics and Management 

Clearly, reliability programs can be expensive. Figure 3.4 is a commonly described 

representation of the theoretical cost/benefit relationship of effort expended on reliability 

(or production quality) activities. However, despite its intuitive appeal and frequent 

presentation in textbooks on quality and reliability, this figure is misleading. Unreliability 

is the result of failures, all of which have causes, and the reliability practitioner should ask 

what is the cost of preventing or correcting the cause, as compared with the cost of doing 

nothing. When each potential or actual cause is analyzed in this way, it is nearly always 

apparent that total costs continue to reduce indefinitely as reliability is improved. In other 

words, all effort on an effective reliability program represents an investment, usually with 

a large payback over a short period. A major challenge is that it is not easy to quantify 

the effects of given reliability program activities, such as a certain amount of testing, or 

achieved reliability. However, experience clearly shows that a more realistic view is as 

shown in Figure 3.5. It was W. E. Deming (1986) who first explained this relationship in 

his teaching on production quality. The outcomes of this analysis have been clearly 

demonstrated by the success of the companies that have adopted this philosophy. 

Achieving reliable designs and products requires a totally integrated approach, including 

design, training, testing, production, as well as the reliability program activities. In such 

an approach, it is difficult to separately identify and cost those activities that are 

specifically devoted to reliability, as opposed to performance or cost. The integrated 

engineering approach places high requirements for judgment and engineering knowledge 

on project managers and team members. 
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Table 3.1 Reliability Simulation Models (Rao and Naikan, 2016) 

Simulation 
Method 

Applications Advantages Disadvantages 

Monte Carlo 
Simulation 

 Complex 
Environments 

 Number of 
events is large 

 Applicable to 
both 
repairable and 
non-repairable 
systems 

 Major use where 
mathematical 
models are 
impractical 

 Only means to 
address problems 
with many 
parameters at 
once 

 Multi component 
systems 

 Quantitative 
evaluation of 
system reliability 

 Correlated and 
uncorrelated 
random variables 

 Large number of 
simulations 
required to 
produce reliable 
results 

 Can be time 
consuming 

Discrete Event 
Simulation 

 Where the aim 
is to 
understand 
how a system 
will behave if 
changes are 
made to the 
system 

 Applicable to 
both 
repairable and 
non-repairable 
systems 

 Can replicate the 
performance of a 
new or existing 
system very 
closely 

 Very applicable to 
civil engineering 
structural 
problems, 
especially during 
the design stage 

 Based on 
historical data 

 Based on 
previous 
knowledge 
about the 
system 

 Usually 
parameters 
once 
established are 
fixed 

 Computer 
intensive 
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Table 3.1 Continued 

Simulation 
Method 

Applications Advantages Disadvantages 

Subset Simulation 

 Computing 
small failure 
probabilities 
for general 
reliability 
problems with 
no special 
regards to the 
characteristics 
of a system 

 Applicable to 
both 
repairable and 
non-repairable 
systems 

 Replaces the 
simulation of rare 
events in the 
original 
probabilistic 
space with a 
sequence of 
simulations of 
more common 
events in the 
conditional 
probabilistic 
space 

 Utilizes a 
specially 
designed Markov 
Chain Monte 
Carlo Simulation 
to generate 
conditional 
stochastic 
samples 

 Generating 
conditional 
samples not an 
easy task 

 Depends on a 
proposal 
distribution that 
produces the 
next sample 
from the 
previous one 
and needs to be 
tailored to the 
reliability 
problem at hand 

Simulated 
Annealing  

 Probabilistic 
method for 
solving 
combinatorial 
optimization 
problems 

 Applicable to 
both 
repairable and 
non-repairable 
systems 

 Searches global 
optimum solutions 
avoiding poor 
local optima 

 Simple method 
for large scale 
combinatorial 
optimization 

 May require 
substantial 
storage 
depending on 
the number of 
possible 
solutions to be 
searched which 
grows 
exponentially 
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Table 3.1 Continued 

Simulation 
Method 

Applications Advantages Disadvantages 

Digital Simulation 
Methods 

 Integrated 
circuits 
reliability 
simulation 

 Chip 
manufacturing 

 Systems 
simulation 

 Can in some 
cases be a good 
tool to avoid 
methodological 
problems in 
studies of control 
room operations 
and efficient 
reliability process 
evaluation 

 Balance 
between simple 
and accurate 
must be struck 

 Has to be 
general enough 
to pinpoint 
reliability weak 
spots and 
correctly predict 
“what if” 
changes cause 
in performance 

Rare Event 
Simulation for 
highly Dependable 
Systems 

 Approximation 
of continuous 
time model by 
a discrete 
parameter for 
a semi Markov 
process for a 
reliability 
model of a 
two-unit 
parallel 
system 

 Estimation of 
probabilities of 
rare but 
damaging 
events in 
Markovian 
systems 

 Long waiting 
times in 
queues 

 Repairable 
and non-
repairable 
systems 

 Use of 
importance 
sampling to 
speed up the 
occurrence of 
rare events and of 
the simulation 
process 

 Adaptive 
sampling 
techniques solve 
a large range of 
problems in the 
finite state 
Markov Chain  

 Static 
importance 
sampling (when 
one change of 
measure is used 
throughout the 
simulation can 
lead to large, 
even infinite 
variances) 
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Table 3.1 Continued 

Simulation 
Method 

Applications Advantages Disadvantages 

Markov Systems 
Dynamics 
Simulation 

 Time taken for 
a system to 
reach steady 
state 
availability 

 Repairable 
and non-
repairable 
systems 

 In many situations 
replaces 
differential 
equations, 
Laplace 
transforms, 
Lagrange 
approximations 
and other 
numerical 
methods 

 Constructing the 
state transition 
diagram or 
Markov system 
dynamic 
diagram for a 
given system 

 

 

Figure 3.4 Reliability and Life Cycle Costs (traditional view) 
(Introduction to Reliability Engineering, 2017) 

 

 

 

https://reliabilityweb.com/articles/entry/introduction_to_reliability_engineering
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Figure 3.5 Reliability and Life Cycle Costs (modern view)  
(Introduction to Reliability Engineering, 2017) 

 
3.8. Mining Equipment Reliability Fundamentals 

Mining equipment has consistently grown in size, complexity, sophistication, and 

in the number of individual units in operation in mines around the world. In addition, 

reduced ore grades, increased pit depths and haulage distances demand increased 

equipment uptime and with it higher levels of the reliability of its components. The 

following discusses some additional mining equipment reliability measures and focuses 

on the reliability analysis of series and parallel systems in mining. 

3.8.1. Mining Equipment Reliability Measures 

Mining equipment availability, mean time between failures, and utilization have 

already been discussed in this chapter. Two more measures, Production Efficiency and 

Overall Equipment Effectiveness will be introduced and described as follows (Dillon, 

2008): 

Production Efficiency, which can be described as the ratio of the actual output of the 

mining equipment to its rated output during a certain period is expressed as follows: 

https://reliabilityweb.com/articles/entry/introduction_to_reliability_engineering
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𝑃𝐸 =  [{ 𝐴𝑃𝑇𝐻−𝐷𝑇−𝑆𝐻} /𝑅𝐶] 𝑥(100)       (3.13) 

Where 

PE = Production Efficiency 

AP = Actual Production 

RC = Rated Capacity in Units of Production per Hour 

And the Overall Equipment Effectiveness is expressed as 𝑂𝐸𝐸 = (𝐴𝑉𝑚)(𝑃𝐸)(𝑈)        (3.14) 

3.8.2. The Seven Reliability Centered Maintenance Expectations for Equipment 

Components 

Correctly implemented RCM programs have expectations from the user that are 

identified by answering the following questions: 

1. What is the equipment component supposed to do, and what are its associated 

performance standards? 

2. In what ways can a component fail when providing the required functions? 

3. What are the events that cause each failure? 

4. What happens when each failure occurs? 

5. In what way does each failure matter? 

6. What systematic task can be proactively performed to prevent, or to diminish to a 

satisfactory degree, the consequences of the failure? 

7. What must be done if a suitable preventive task cannot be found? 

 

3.8.3. Mining Series and Parallel Systems 

A mining operation consists of equipment fleets, such as shovels, haul trucks, 

dozers and working areas defined by ore and waste benches and waste dumps. Each 

one of these pieces of equipment and areas are an independent link in the mining 

production chain. This chain system for an open pit mine can be analyzed in terms of 

reliability analysis in series and parallel systems as discussed in the following section. 
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3.8.3.1. Open Pit Mining Series System 

The production components form a series configuration and its independent 

components are given by (Mukhopadhyay, 1988, Dillon B.S., 1999): 𝑅𝑜𝑝𝑠 = 𝑅𝑠𝑅𝑑𝑅𝑤𝑓𝑅𝑑𝑝          (3.15) 

Where 

Rops = Reliability of the Open Pit Series System 

Rs = Reliability of the Shovel 

Rd = Reliability of the Haul Truck 

Rwf = Reliability of the Working Face 

Rdp = Reliability of the Dumping Place 

For constant failure rates of these components the individual component reliabilities can 

be expressed as follows as a function of time t: 𝑅𝑠(𝑡) = 𝑒−𝜆𝑠𝑡 , Reliability of the Shovel    (3.16) 𝑅𝑑(𝑡) =  𝑒−𝜆𝑑𝑡, Reliability of the Haul Truck   (3.17) 𝑅𝑤𝑓(𝑡) = 𝑒−𝜆𝑤𝑓𝑡, Reliability of the Working Face   (3.18) 𝑅𝑑𝑝(𝑡) = 𝑒−𝜆𝑑𝑝𝑡, Reliability of the Dumping Place    (3.19) 

And 

λs = Constant Shovel Failure Rate 

λd = Constant Haul Truck Failure Rate 

λwf = Constant Working Face Failure Rate 

λdp = Constant Dumping Place Failure Rate 

 

Substituting Equations 3.16 to 3.19 in Equation 3.15 yields: 𝑅𝑜𝑝𝑠 = 𝑒−𝜆𝑠𝑡𝑒−𝜆𝑑𝑡𝑒−𝜆𝑤𝑓𝑡𝑒−𝜆𝑑𝑝𝑡 = 𝑒−(𝜆𝑠+𝜆𝑑+𝜆𝑤𝑓+𝜆𝑑𝑝)𝑡     (3.20) 

Integrating Eq.3.20 from in tϵ[0,∞] produces the Open Pit Series System Mean Time to 

Failure as:  𝑀𝑇𝑇𝐹𝑜𝑝𝑠 = ∫ 𝑅𝑜𝑝𝑠(𝑡)𝑑𝑡 = 1𝜆𝑠+𝜆𝑑+𝜆𝑤𝑓+𝜆𝑑𝑝∞0        (3.21) 

With the constant failure rates as defined above. 
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3.8.2.2. Open Pit Mining Parallel System 

A parallel Open Pit Mining System is configured when two or more 

production chains are formed with similar equipment operating simultaneously (i.e., two 

or more shovels working simultaneously). The mine will continue to operate if at least one 

shovel is in good operating condition. For two shovels operating in parallel the operating 

reliability can be expressed as (Dillon B.S., 1999): 𝑅𝑝𝑠 = 1 − (1 − 𝑅𝑆1))(1 − 𝑅𝑆2)            (3.22) 

where 𝑅𝑝𝑠 = Shovel Parallel Configuration Reliability 𝑅𝑆1 = Shovel 1 Reliability 𝑅𝑆2 = Shovel 2 Reliability 

 

For constant shovel failure rates, it can be written that (B.S. Dillon, 1999): 𝑅𝑆1(𝑡) = 𝑒−𝜆𝑆1𝑡                 (3.23) 𝑅𝑆2(𝑡) = 𝑒−𝜆𝑆2𝑡               (3.24) 

where 𝑅𝑆1(𝑡) is the Reliability of Shovel One at time t 𝑅𝑆2(𝑡) is the Reliability of Shovel Two at time t 𝜆𝑆1 = Constant Failure rate of Shovel 1 𝜆𝑆2 = Constant Failure Rate of Shovel 2 

 

Inserting Eq.3.23 and Eq.3.24 into Eq.3.22 produces 𝑅𝑝𝑠(𝑡) = 1 − (1 − 𝑒−𝜆𝑆1𝑡)(1 − 𝑒−𝜆𝑆2𝑡) = 𝑒−𝜆𝑆1𝑡 + 𝑒−𝜆𝑆2𝑡 − 𝑒−(𝜆𝑆1+𝜆𝑆2)𝑡        (3.25) 

where 𝑅𝑝𝑠(𝑡) = Shovel Parallel Configuration Reliability at time t 

Integrating Eq. 3.25 from zero to infinity in tϵ[0,∞] produces the Shovel Parallel 

Configuration Mean Time to Failure as:  
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𝑀𝑇𝑇𝐹𝑝𝑠 = ∫ 𝑅𝑝𝑠(𝑡)𝑑𝑡 = 1𝜆𝑆1 + 1𝜆𝑆2∞0 − 1(𝜆𝑆1+𝜆𝑆2)        (3.26) 

This equation is relevant to help determine the n – shovel system reliability and would 

help to calculate the reliability of any parallel systems of shovels and trucks. The 

approach in this case will be to first solve the MTTF for each individual series haul 

truck/shovel system and then solve those in parallel to get the overall mine production 

MTTF. 

3.8.4. Considerations on Mining Equipment Reliability 

Mining equipment systems are formed by repairable (e.g. engines and transmi- 

ssions) and non-repairable systems of components (i.e. all the others) so the analysis of 

the reliability of a given system will involve either the MTTF or MTBF. For repairable 

systems, it is assumed that the systems are repaired to a “good as new” condition. For 

both types of systems, the Reliability function can be represented by a two-parameter 

Weibull distribution as a function of time. This distribution is a general form of the 

exponential distribution with two parameters representing the slope and the shape of the 

distribution, and with both parameters being greater than zero (Zio, 2013). Commercially 

available software can calculate MTTF and MTBF applicable to individual systems using 

the Weibull or other distributions that best fit the data. MTTR is usually determined 

empirically using the maintenance records from the RCM program. These measures are 

related to failures of equipment components and in turn, will help calculate their impact 

on the availability of a given piece of equipment. Availability calculations are based on 

these measures and can be used to define for any given piece of mining equipment, if a 

given component should be selected over another. It is also important to consider that 

most of the component systems in a piece of mining equipment are independent of one 

another which means that in general, if one component on one system is down, the 

equipment is invariably down, for safety and/or operational reasons. This is true for 

systems such as engines, transmission, and hydraulic systems. In addition, given that the 

TTR (Time to Repair) is usually significant in any mine operation for almost any 

component, TTR must be added to the TTF (Time to Failure) to produce a mine specific 

Mean Time Between Failures (MTTF+MTTR) applicable to non-repairable systems that 
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will have a strong impact on availability. The availability would then be expressed for a 

non-repairable system as (Fox, 2002): 𝐴𝑉𝑚 = 𝑀𝑇𝑇𝐹(𝑀𝑇𝑇𝐹+𝑀𝑇𝑇𝑅)           (3.27) 

Where 

AVm = Availability 

MTTF = Mean Time to Failure 

MTTR = Mean Time to Repair 

To increase availability, either the MTTF must increase and/or the MTTR should 

decrease. Usually, the MTTR for a given component in a piece of equipment is fixed; 

therefore, the most gain is realized by increasing the MTTF. The only way to increase 

MTTF and Availability is to increase the Reliability (i.e. greater MTTF) of all the 

components on any given piece of mining equipment. The probability of failure can also 

be defined for linear performance with two inputs in terms of the Reliability Index or Beta 

defined as (Bensoussan, 2005): 𝛽 = 𝜇𝑆− 𝜇𝐿√𝜎𝑆2+𝜎𝐿22          (3.28)  

where 𝜇𝑆 = Mean of the material or component strength  𝜎𝑆 = Standard deviation of the material or component strength 𝜇𝐿 = Mean of the material or component load 𝜎𝐿 = Standard deviation of the material or component load 

This reliability index will not be calculated in this thesis because the load and strength 

values for the various hoses in the case study are no known. However, the greater Beta 

is, the more reliable a component will be. Now that the concept of reliability has been 

introduced in detail, it is important to add the concept of economics to continue the 

process of assembling the model that will enable the financial calculations associated 

with different reliabilities and its subsequent impact on the cash flow of a mining operation. 

The next chapter will describe in detail this economic component of the model. 
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CHAPTER 4 

 REVENUE, COST FACTORS AND CHOICE OF DISCOUNT RATE IN NPV  

ANALYSIS IN MINING 

This chapter addresses the economic factors involved in the cash flow analysis of 

the reliability of equipment components; this includes choosing the right alternative 

amongst the set available to the evaluator, determining the proper discount rate for the 

analysis, and considering the revenue and cost factors applied to the cash flow analysis 

of a mining operation. The chapter concludes by introducing the concepts of risk and 

uncertainty in cash flow calculations setting the stage for Chapter 5. 

4.1. Net Present Value Definition and Objectives 

Economic evaluation relates to consistently evaluating the wealth generation 

potential of different investment alternatives. For this evaluation to be successful, 

quantitative methods and procedures need to be used to ensure that the correct 

investment decisions are made. In the analysis of investment alternatives for a given 

investment opportunity (Stermole, 2012), “…the alternatives under consideration may 

have differences with respect to costs and profits or savings and the timing of costs and 

profits.”, while other differences might exist with respect to taxation, project lives, inflation, 

and expected costs and revenues. Maximization of shareholder value is thus, an exercise 

in selecting the right investment alternative under clearly defined quantitative criteria. In 

capitalistic economies, it means evaluating investment alternatives for worth and cost 

before any concrete decision is made favoring one alternative over another. Engineers, 

bankers, accountants, managers and purchasing agents should undertake this decision-

making process as it can potentially have a profound impact on the wealth generating 

capacity of the firm. In addition, and given the time value of money, it is crucial that any 

economic evaluations account for two important parameters in this evaluation: the Net 

Present Value (NPV) and the Discounted Cash Flow Rate of Return on an after-tax basis 

(DCFROR) in what constitutes a Discounted Cash Flow (DCF) analysis (Stermole, 2012). 

The term Discounted is related to the present worth, which is defined as the sum of money 

invested today, at a given compounded interest rate, that would generate a future value. 

This future value is equal to the initial dollar amount and the accrued interest generated 
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by that compounded interest rate. All income produced by revenues and savings, less 

expenses associated with operating costs, income taxes and capital expenses, generate 

the cash flow. The name Discounted Cash Flow derives from investors handling the time 

value of money through the calculation of present value or a discounted value of a stream 

of positive and negative cash flows from an investment to determine a project’s economic 

potential. To be effective, this DCF needs to include all the economic factors that will 

impact the economic valuation of a given project. NPV is the cumulative present worth of 

positive and negative investment cash flows using a specified discount rate to account 

for the time value of money and other factors. The compound interest rate that makes the 

NPV equal to zero is the desired rate of return, compound interest rate or DCFROR. On 

the analysis and evaluation of projects, it is necessary to make a distinction on the types 

of analysis that need to be made. They are the economic, the financial, and the intangible 

analysis (Stermole, 2012). The economic analysis evaluates the profitability of a project, 

the financial analysis evaluates how a project will be financed, and the intangible analysis 

evaluates aspects of the project (such as its environmental impact) that cannot be easily 

quantified. This research focuses on the economic analysis of mining projects (thereby, 

their profitability) under the impact of different reliabilities in mining equipment 

components. 

 

4.2. Revenue and Cost Factors in NPV Analysis in Mining 

Table 4.1 contains a list of revenue and cost factors used in NPV/Discounted Cash 

Flow Analysis for a mining company in which cost factors are expressed as a negative 

(Stermole, 2012). This table is important, as it will be utilized to evaluate cash flows 

associated with alternative decisions, in conjunction with the reliability calculations and 

risk adjusted economic evaluation. 

 

4.3. Determining an Adequate Discount Rate  

As previously discussed, discount rates enable future cash flows to be represented 

as Net Present Values (Allen et al., 2008).  
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Table 4.1 Generic Mining Cash Flow Table (Stermole, 2012) 

Gross Revenue The product of total unit sales times price per unit 

 - Royalties 
Payment to the owner of the mineral resource in return for 
the removal of the minerals from the land. 

= Net Revenue  

 - Exploration / Development  Expense associated with reserve development 

 - Operating Expense Expense related to the operation of the asset 

 - Depreciation  

Expense for the gradual conversion of the cost of a 
tangible capital asset or fixed asset into an operational 
expense over the asset's estimated useful life 

 - Amortization  
Expense related to the intangible asset costs in mining 
development 

 - Writeoff's on D, D & A Book value, tax book value, or written down value 

= Taxable Income Before Depletion.  

 - 50% Limit on % Depletion  

 - Percentage Depletion 
Percentage of gross income after royalties from the sale of 
minerals removed from the property during the tax year 

 - Cost Depletion 
Capitalized costs for mineral rights acquisition, exploration 
and other costs 

 - Loss Forward  
Negative taxable income that must be carried forward to 
be used against project revenues when they are incurred 

= Taxable Income  

 - Tax @          % Corporate income tax rate 

 +Tax Credits (If Applicable) Energy, Research and Experimentation, Bio Diesel Fuel 

 = Net Income  

 + Depreciation  See above  

 + Amortization  See above 

 + Writeoff's on D, D & A See above 

 + Actual Depletion Taken See above 

 + Loss Forward Deduction See above 

 - Capital Costs:  

     - Depreciable Equipment Costs* Cost of equipment – Expected Salvage Value 

     - Amortizable Costs** Total cost of an asset that has been amortized to date 

     - Mineral Rights Acquisition Costs*** 
Direct and indirect costs incurred to acquire legal rights to 
extract natural resources. 

     - Land (Surface Rights) Cost The cost of owning the land 

     - Working Capital Cost Money needed for the daily operation of the business 

 = After-Tax Cash Flow (ATCF)  

 x (P/F i%, n) 
Present worth factor of future cash flow n at discount rate 
i. 

 = Discounted ATCF  

 

http://www.businessdictionary.com/definition/conversion.html
http://www.businessdictionary.com/definition/cost.html
http://www.businessdictionary.com/definition/tangible-capital-asset.html
http://www.businessdictionary.com/definition/fixed-asset.html
http://www.businessdictionary.com/definition/operational-expense.html
http://www.businessdictionary.com/definition/operational-expense.html
http://www.businessdictionary.com/definition/estimated-useful-life.html
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* https://www.accountingcoach.com/terms/D/depreciable-cost 

**http://smallbusiness.chron.com/amortized-cost-vs-amortization-38642.html 

***https://www.google.com/search?q=mineral+rights+acquisition+costs&sourceid=ie7&rl

s=com.microsoft:en-US:IE-Address&ie=&oe=&gws_rd=ssl 

That allows the evaluator to compare and select the right economic alternative amongst 

different, competing projects. Industry and government widely accept that a rate of return, 

internal rate of return, or a discount rate are interchangeable with the term “cost of capital” 

(Stermole, 2012). Even after owners and purchasers of a mining project have agreed on 

virtually every aspect of the valuation, it seems that the only diverging opinion happens 

with the selection of an appropriate discount rate to be used in the calculations of the net 

present value. This is significant as these different opinions can cause variations of more 

than 50% on the value of a project as illustrated in Figure 4.1. 

 
Figure 4.1 Net Present Value Variation with Discount Rate showing that for this 

particular project the NPV decreases exponentially with increases in the discount rate 
hence the importance of using an adequate discount rate. 

(Smith, 1995) 
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The two most common methods to calculate a company’s cost of capital are the Capital 

Asset Pricing Model (CAPM) and the Weighted Average Cost of Capital (WACC). The 

cost of capital is the return expected from the company’s business ventures. It is the cost 

of funds invested in the assets and is related to the risk of the business ventures by the 

company as reflected by their Beta (β). The Beta is calculated as the slope of the 

regression analysis of the market return versus the company return as shown in Figure 

4.2. It measures changes in stock price for incremental changes in the market index. In 

the figure the correlation between Dell’s return and the market return (an R2 = 0.1) 

measures the proportion of the total variance in the stock’s returns that can be explained 

by market movements (Brealey et. al, 2008) 

 

Figure 4.2 Example of β calculation for Dell Computers (Wheeler, 2009) 
Beta measures changes in stock price for incremental changes in the market index. R2 

measures the correlation between the stock’s return and the market return or the 
proportion of the total variance in the stock’s return that can be explained by market 

movements 
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The β is then applied into the CAPM as follows: 𝑟 =  𝑟𝑓 + 𝛽 ∗ (𝑟𝑚 − 𝑟𝑓)        (4.1) 

Where 𝑟 = Required Return or Cost of Capital 𝛽 = Beta 𝑟𝑚 = Market interest rate 𝑟𝑓 = Risk free interest rate (usually Treasury Bills) (𝑟𝑚 − 𝑟𝑓) = Market risk premium 

 

It can also be said that the cost of capital is based on the average β of the company’s 

assets classified into high, average, and low risk assets. The other way to calculate the 

company cost of capital is through the Weighted Average Cost of Capital (WACC) 

expressed as: 𝑊𝐴𝐶𝐶 = 𝑟𝐷 ∗ ( 𝐷𝐷+𝐸) + 𝑟𝐸 ∗ ( 𝐸𝐷+𝐸)        (4.2) 

Where 𝑟𝐷 = 𝑟𝑓 + 𝛽𝐷 ∗ (𝑟𝑚 − 𝑟𝑓), (i.e. the required return on debt) 𝑟𝐸 = 𝑟𝑓 + 𝛽𝐸 ∗ (𝑟𝑚 − 𝑟𝑓), (i.e. the required return on equity) 𝐷 = Company’s debt from the balance sheet 𝐸 =Company’s equity from the balance sheet 

Debt markets give the required return on debt and the financial market determines the 

required return on equity. The resulting cost of capital is the same calculated through the 

Capital Asset Pricing Model and through the Weighted Average Cost of Capital. However, 

given that it might be difficult to calculate β for debt and equity for a given company, it is 

recommended to use the CAPM for all assets of the company as measured by their return 

on assets compared to the market return. The question that arises is how to calculate the 

discount rate for the valuation of a given mining project. Most of the literature focuses on 

corporate cost of capital as outlined above, however, based on industry expectations for 
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project returns (IRR) and risk factors associated with mineral projects, it is possible to 

determine a project specific discount rate. The reason for this course of action is because 

(Smith, 1995): 

 Betas fluctuate according to the market, and 

 Betas are related to variations in share price of a company and not on the 

performance of a mining project 

In general, it is difficult to specify a general discount rate to be used on a given project or 

commodity as local socio-political conditions, mining policies, taxes, environmental 

legislation and infrastructure can vary widely. Smith (Smith, 1995) also suggests that 

different discount rates should be used depending on the stage a project is in, as 

illustrated in the following figure where the rates reduce as more information is available 

for the project. 

 

Figure 4.3 Varying Discount Rates According to Project Stages (Smith, 1995) 
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Smith (1995) goes further and defines discount rate contributions depending on the 

following risks: 

 Risk free interest rate as 2.5%, 

 Mining project risk between 3.0% and 16%, 

 Country Risk between 0% and 14%, and 

 Project specific discount rate between 5.5% and 25% 

 

These risks are detailed in the CIM MES Survey as shown in Figure 4.4. Of the five main 

risks, reserves by far are the most important due to the highest uncertainty related to the 

geological setting where the least amount of information is available.  

4.4. Introducing Risk in Discounted Cash Flow Analysis 

Risk is defined as the probability that an actual return on an investment will be lower than 

the expected return. Financial risk can take various forms (Business Dictionary, 2017) 

such as Capital risk, Country risk, Economic risk, Exchange Rate risk, Interest rate risk, 

Operations risk, and Political risk. In addition, Risk is not uncertainty as uncertainty is 

where no probability or mode of occurrence are known. Managers, when evaluating 

projects, deal with these two factors and their task is to invest available capital in the 

projects with the highest probability of generating the maximum possible future profit. Still, 

the information available might not eliminate 100% of the uncertainty and the decision 

maker needs to be aware of that so that the assumptions made on the evaluation reflect 

that uncertainty. If the economic evaluation procedure does not incorporate this 

uncertainty, then assumptions in the evaluation become best guesses and the result will 

be also a best guess. Because economic conditions change over time, including the 

consequence of this variability in economic analyses, is not a trivial exercise and 

introduces economic risk in the project evaluation. It is important to consider that this 

variability will cause future cash flows to change and the economic evaluation must 

question the consequences of these changes so that better informed investment 

decisions are made. Some of the responses to risk are to increase the discount rate and 

the reduction of payback periods but the question facing the evaluator is the size of the 

adjustment (Riggs et al, 1996). While current discount rates can be calculated, the 

calculation does not help define the size of the adjustment to deal 
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Figure 4.4 Ranking Principal Risks in a Mining Project (Smith, 1995) 

with a perceived risk level. Hence, there is clearly a need for some quantitative analysis 

of risk and uncertainty. Some of the methods used to do that are (Stermole, 2012) 

sensitivity analysis, or probabilistic sensitivity analysis, and expected value (of NPV or 

ROR) that will incorporate the assessment of risk with a finite probability that the 

investment return will be lower than expected. Other methods are statistics-based 

analytical methods that use mean and variance parameters of outcome measures that 

are very useful when input factors have simple distribution forms. Still, if the number of 
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factors with significant variability is large with complex interdependence, the use of 

simulation, Monte Carlo being the most common method, is preferred (Riggs et al, 1996). 

Chapter 5 discusses the application of these quantitative methods to the Discounted Cash 

Flow Analysis to deal with risk and uncertainty and how they apply to the data analysis in 

this research. 
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CHAPTER 5 

RISK AND UNCERTAINTY IN THE NPV ANALYSIS 

5.1. Introduction 

Risk has already been defined in section 4.4 as the probability that an actual return 

on an investment will be different than the expected return, and uncertainty is where no 

risk probability, magnitude, or mode of occurrence is known. A problem arises with the 

uncertainty, or the lack of precise information on which to base an analysis of outcomes. 

In view of risk and uncertainty, there are two ways to approach investment analysis that 

are sometimes referred to as qualitatively and quantitatively (Stermole, 2012). Qualitative 

analysis uses experience, judgment, business acumen, and even “luck” to decide whether 

to invest in a project. Quantitative analysis of risk and uncertainty includes sensitivity 

analysis or probabilistic sensitivity analysis and expected value of the main parameters 

of a discounted cash flow, such as net present value, rate of return, payback period, 

benefit/cost ratio, etc. Probabilistic analysis permits the tradeoff between the magnitude 

of the return on an investment and the probability of the return (Carmichael, 2008). 

Sensitivity analysis (Stermole, 2012) evaluates uncertainty in an investment by 

determining how investment profitability will vary when parameters affecting the economic 

evaluation are also varied. In this context, least profitable implies a discounted cash flow 

analysis that compares the financial outcomes of different projects and/or equipment 

components (defined in this case by their reliability) when put in operation. Thus, the 

objective is to identify the most critical variables that will significantly affect the probability 

of satisfactory project performance, and may include variables such as initial investment, 

selling price, reliability, availability, utilization of equipment, and operating cost. By 

extension, if probabilities can be assigned to individual levels of performance, then the 

sensitivity analysis becomes a probabilistic sensitivity analysis. The objective of the 

sensitivity analysis is to produce a graphical picture of how the parameter of choice (NPV, 

ROR) varies with other parameters such as initial investment, profit, project life, and 

salvage value (Stermole, 2012). This results in a Tornado Diagram (Stermole, 2012) 

shown in Figure 5.1 for a hypothetical project.  
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Figure 5.1 Tornado Diagram  
Plot of the variation of Rate of Return with changes in project parameters such Initial 

Investment, Before Tax Cash Flow, Life of the Project and  
Salvage Value (Stermole, 2012) 

 

Another graphic representation of the sensitivity analysis is the Sensitivity Graph shown 

on Figure 5.2 for a hypothetical mining project. In this figure, the dimensionless scale 

on the horizontal axis shows the magnitude of variation in the main parameter (NPV) as 

a function of the magnitude of variations in Gold Price, Silver Price, CAPEX, OPEX and 

Recovery as a percentage.  

 

 

Figure 5.2 Net Present Value Sensitivity Graph to changes in Gold Price, Silver Price, 
CAPEX, OPEX and Metal Recovery as Inputs (Mine Design Queens University, 2017) 

http://www.google.com/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=0ahUKEwjf8fOCxvTXAhXSKOwKHXRbByEQjRwIBw&url=http://minewiki.engineering.queensu.ca/mediawiki/index.php/Sensitivity_Analysis&psig=AOvVaw0CIfVce4JWsdNbEvj54tg3&ust=1512620834747308
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This analysis is a necessary step in defining those parameters that present the greatest 

risk to the successful operation of a given project. The analysis also includes an 

evaluation of possible unidentified variables that could impede the project depending on 

the magnitude of their impact. These could be related to land ownership, technology 

patents, additional services, and installations required to maintain production, changes in 

geological setting or rock type and many others. This emphasizes the importance and 

value of additional information to improve the knowledge about unknown parameters. The 

financial impacts of the project parameters will indicate whether it is adequate to spend 

additional capital to try and generate more information about them that can reduce the 

uncertainty in the project. Usually, companies request that cash flows be evaluated under 

the pessimistic, expected, and optimistic values of the parameters as these can define a 

project’s performance under varying conditions. A sensitivity analysis expresses the cash 

flows as a function of these scenarios and calculates the consequences of misestimating 

the variables or parameters (Brealey et al, 2008). The disadvantage of sensitivity analysis 

is that it relies on the subjective use of optimistic and pessimistic values for the variables 

or parameters. In addition, it could be that the entity responsible for this estimate (i.e. 

marketing) may have a different perspective than another corporate department or 

groups, and that could present conflicting parameter estimates. Usually companies define 

what pessimistic and optimistic are as a percentage of the expected value and go from 

there to estimate the scenarios. Another disadvantage is that project variables are rarely 

independent, where the way to resolve this is to define variables that are roughly 

independent (Brealey et al, 2008). Another way to address these disadvantages is to 

conduct scenario analysis where consistent sets of variables are used to generate 

revenues or costs that can be compared to define the feasibility of a given project without 

regard to the need of subjective pessimistic or optimistic values. Despite these 

disadvantages, sensitivity analysis is still the most used methodology for dealing with 

uncertainty in DCF analysis. 
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5.2. Discounted Cash Flow Mining Related Parameters to be Considered in the 

Risk/Uncertainty Analysis 

Uncertainty and risk are present in any sensitivity analysis of projects to be funded 

by a firm. In mining, it is no different. Many factors in mining also need to be evaluated 

and sensitivity or scenario analysis performed to define their impact on a project so that 

a basis for capital budgeting can be established. Some of these parameters are 

equipment availability, grade and tonnage of mineable reserves, production of ore and 

waste, dilution, revenue, cash cost of production, royalties and taxes, and capital 

expenditures (Lattanzi, 2017). These and other operational parameters such as 

equipment component reliability are incorporated into the DCF calculations that will be 

used in this research. In addition, financial considerations involve inflation, the structure 

of project financing (debt or equity or a combination of both) and exchange rate 

considerations. This research assumes these last three parameters to be constant, where 

they will not impact the final DCF analysis from one year to the next. If mineable reserves, 

royalties, and taxes (in stable mining jurisdictions) are not expected to diverge much from 

expected values during production, the most important parameters for sensitivity analysis 

in mining are generally revenue, cash operating costs, and capital expenditures. 

Revenues are the product of annual tonnage of ore mined and processed, the ore grade, 

mill recovery, and the price of the commodity being produced. Operating costs are the 

on-site and off-site costs incurred to produce and bring the saleable commodity to market. 

Some of the onsite costs are labor, materials, and services applied to mining, processing, 

and general and administration (G&A). On-site operating costs are generally estimated 

by some standard set of procedures based on a selected rate of production, the type of 

mining and processing equipment dimensioned to meet a given rate of production, 

services and the infrastructure needed to support ore and waste production (Lattanzi, 

2017). Uncertainty, in this case, is generally dealt with by using contingencies in the cost 

analysis that are dependent on the stage of product development and construction, and 

can vary from 50% to 15% (Lattanzi, 2017). Typical off-site costs that include smelting, 

transportation, and refining can be a significant part of the total operating costs. For 

precious metals, however, they might not be as important. Off-site costs are assumed to 
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be constant in the DCF analysis in this research. Capital expenditures are divided in pre-

production and sustaining or on-going expenditures. The first and most significant is the 

cost of building the project and the second is the capital required to sustain production 

and support equipment replacement. This replacement capital expense might be much 

lower than the initial capital outlay for the project, but it can still be significant in the year 

incurred depending on the type and number of equipment being replaced. Uncertainty in 

capital expenditures estimates in the early stages of a mining project can be as high as 

30% but usually decreases to between 12% and 15% when the project is in the bankable 

feasibility study stage (Lattanzi, 2017). Given its magnitude, sensitivity analyses of pre-

production capital expenditures should be applied, particularly to deal with uncertainty in 

the construction schedule and the estimate of the owner’s cost related to projects in riskier 

jurisdictions or where heavy expatriate workforce is necessary. Figure 5.3 depicts the 

sensitivity analysis of Net Present Value for changes revenues, operating costs, and 

capital expenditures on for a hypothetical project. It shows that in this case, NPV is much 

more sensitive to variations in revenue than to capital expenditures and operating costs. 

It also shows that NPV is more sensitive to operating costs than capital expenditures. The 

literature indicates that this is a typical sensitivity graph for a DCF valuation in mining 

(Lattanzi, 2017).  

 

5.3. Probabilistic Analysis of Cash Flows and Present Worth (NPV) 

Discounted Cash Flow (DCF) analysis is a recognized financial and economical 

tool to perform an evaluation of investment decisions on which projects should be 

undertaken in a given situation. It has also been recognized that uncertainty and risk are 

present in every valuation of mining projects, so the use of probabilities has been 

proposed to address the uncertainty and risk in this research analysis.  

5.3.1. Probabilistic Approach 

The probabillistic approach allows the evaluator to determine the probability that 

the desired return on the investment will be realized. Generally, this research focuses on 

Net Present Value and Rate of Return and it is assumed that the probabilities of 

occurrence of given parameters can be established for the analytical approach  
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Figure 5.3 Sensitivity Analysis of Mining Net Present Value to changes in Mining 
Operational Parameters such as Revenue, Capital and Operating Costs 

(Lattanzi, 2017) 
 

(Carmichael, 2008). In addition, assumed probability distributions describe the random 

variables of present value and rate of return, where expected value and variance analysis 

are performed rather than working with complete probability distributions.Net Present 

Value and Rate of Return are then considered to be constraints to be satisfied in the 

analysis. The following discusses the application of probabilistic analysis and is partially 

applied in the Analytical Model described in Chapter 6. To accomplish this, the following 

notation is introduced (Carmichael, 2008): 

i  time or counter, i = 0,1,…,n; time may be measured in any unit; for 

example a month or a year 

n  life span 

r  discount rate 

P[]  probaility of the contained arguments 

µ  mean, expected value 

σ2  variance 

E[]  expected value 

Var[]  variance 

Cov[]  covariance 

ρ  correlation coefficient 
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V  coefficient of variation 

f()  probability density function 

PW  present worth, net present value 

IRR  internal rate of return 

Xi  cash flow Bi – Ci at time i, i = 0,1,2,…,n 

Bi  benefit at time i, i = 0,1,2,…,n 

B  present value of total benefits 

Ci  cost at time i, i = 0,1,2,…,n  

C  present value of total costs 

Φ  feasibility 

Discount rates and cash flows are assumed to be probabilistic parameters that make Net 

Present Value and IRR random variables. Probability distributions might be produced 

based on subjective probability estimates (Wagle, 1967) or through optimistic, expected 

(most likely) and pessimistic estimates. Using optimistic, expected, and pessimistic 

estimates, the mean and variance can be calculated as follows (Carmichael, 2008): µ = 16 (𝑎 + 4𝑚 + 𝑏)         (5.1) 

and 𝜌2 = [16 (𝑏 − 𝑎)]2
         (5.2) 

where a, m, and b are optimistic, most likely and pessimistic values for the present value 

and internal rate of return. The mean and the variance for the present value and internal 

rate of return can be used to produce a normal probability distribution modeling the 

discount rates and cash flows. The probabilistic cash flows (Hillier, 1963) are treated as 

mutually independent and completely correlated random variables with the assumption 

that the mean and variance of the cash flows are known. Let Xi be the net cash flows for 

periods i = 0, 1,2,..,n and the present worth for the n periods is defined as: 

𝑃𝑊𝑛 = ∑ [ 𝑋𝑖(1+𝑟)𝑖]𝑛𝑖=0          (5.3) 

where 

r = discount rate 
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PWn, by the central limit theorem and for increasing values of n, should approach a normal 

distribution regardless of the distributions for Xi. PWn is the sum of weighted terms (Hillier, 

1963, Wagle, 1967) and the weights are the present worth factors. For that reason, early 

cash flows might be predominant in shaping the probability distribution for PWn. In 

addition, the Xi could also be expected to approach a normal distribution as it is dependent 

on several other variables (revenues, costs, tax rates etc.). The expected value and the 

variance can be calculated as follows (Wagle 1967, Canada and White, 1980): 

 𝐸[𝑃𝑊𝑛] = ∑ 𝐸[𝑋𝑖](1+𝑟)𝑖𝑛𝑖=0          (5.4) 𝑉𝑎𝑟[𝑃𝑊𝑛] = ∑ 𝑉𝑎𝑟[𝑋𝑖](1+𝑟)2𝑖 + 2 ∑ ∑ 𝐶𝑜𝑣[𝑋𝑖,𝑋𝑗](1+𝑟)𝑖+𝑗𝑛𝑗=𝑖+1𝑛−1𝑖=0𝑛𝑖=0      (5.5) 

The Standard Deviation is the square root of the variance of the present worth and the 

covariance of cash flows Xi and Xj, can be expressed as follows: 

 𝐶𝑜𝑣[𝑋𝑖, 𝑋𝑗] = 𝐸[𝑋𝑖𝑋𝑗] − 𝐸[𝑋𝑖]𝐸[𝑋𝑗]        (5.6) 

 

For independent cash flows, the assumption made in this research, the variance can be 

written as (Carmichael, 2006): 𝑉𝑎𝑟[𝑃𝑊𝑛] = ∑ 𝑉𝑎𝑟[𝑋𝑖](1+𝑟)2𝑖𝑛𝑖=0         (5.7) 

With mean and standard deviation for present worth, the cumulative probability 

distribution for a number of periodic cash flows can be calculated using the normal 

probability related functions in MS Excel. Assuming statistically independent cash flows 

and using the central limit theorem, it is possible to arrive at the probability that the NPV 

is less or equal than zero. This result indicates the probability of reaching an Internal Rate 

of Return or Maximum Discount Rate above which the NPV is less than zero. Hence, the 

probability of NPV≤0 is (Kharaman, 2016): Pr(𝑃𝑉 ≤ 0) = Pr (𝑧 ≤ 0−𝐸[𝑃𝑉]√𝑉(𝑃𝑉) )       (5.8) 

where 

Pr(PV≤0) = Probability that the Present Value is less than or equal to zero 

z = Standard Normal Deviate  
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E[PV] = Expected Present Value 

V(PV) = Variance of the Present Value 

 

At Net Present Value equal to zero or: 𝑃𝑉(𝑖∗) = 0             (5.9) 

the Internal Rate of Return or Maximum Discount Rate i* is reached, whereas any rate 

above that will make a project unattractive. For a given company cost of capital, it is 

important to define the Internal Rate of Return and the probability that the cost of capital 

can be raised to reach the Internal Rate of Return. To illustrate how to determine the 

internal rate of return under conditions of uncertainty and risk, assume the cash flows in 

Table 5.1 below (Kharaman, 2016). The Internal Rate of Return is found by Equation 

5.10: ∑ 𝐸[𝐴𝑗](1 + 𝑖∗) − 𝐼 = 0𝑁𝑗=1             (5.10) 

And if i* is the set of discount rates less or equal than i*, then the previous equation can 

be written as: ∑ 𝐸[𝐴𝑗](1 + 𝑖∗) − 𝐼 = 0𝑁𝑗=1             (5.11) 

Equation 5.8 gives the probability of the Maximum Discount Rate under uncertainty and 

risk that is calculated in Equation 5.11. This means i* is the internal rate of return of the 

investment with the probability Pr(PV≤0) under risky conditions (Kharaman, 2016). 

Another approach for dealing with risk and uncertainty is to employ probability based 

Decision Tree Analysis to Discounted Cash Flows, but this approach is only successful if 

applied to sequential decision processes and will not be used in this research. 

Table 5.1 Hypothetical Cash Flows 

Year Expected Value of 

Cash Flows E[Aj] 

Variance of Cash 

Flows V[Aj] 

0 -I(Investment) V(I) 

1 +A1 V(A1) 

2 +A2 V(A2) 

… … … 

N +AN V(AN) 
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5.3.2. Monte Carlo Approach 

Sensitivity Analysis considers the effect of changing one variable at a time. Under 

alternative scenarios, a limited number of plausible scenarios can be evaluated while 

Monte Carlo Simulation considers all possible combinations of variables allowing for the 

evaluation of the entire distribution of project outcomes. Basically, in capital budgeting 

(Brealey et. al, 2008), Monte Carlo Simulation requires a model of the project with a model 

of the world in which the project operates. Monte Carlo Simulation is a mathematical 

technique that generates random variables for modeling risk or uncertainty of a certain 

system (Economic Times, 2017). The random variables or inputs are modeled with 

probability distributions that, for a relatively large number of repetitions or iterations, 

generate the outcome under the conditions of risk and uncertainty. Monte Carlo 

Simulation is most applicable when in the presence of parameters, like uncertainty, or of 

a very complex system. The method is used extensively in a wide variety of fields such 

as physical science, computational biology, statistics, artificial intelligence, and 

quantitative finance (Economic Times, 2017). Monte Carlo Simulation produces a 

probabilistic estimate of uncertainty, it is not deterministic, and generally yields a 

reasonable approximation of the real world. The problem is that many of the parameters 

in the system behave dynamically over time and they will impact the outcome of a project 

or operation of a system based on the decision-making process. Monte Carlo Simulation 

enables the investigator to see possible outcomes of a decision, which can thereby 

produce better decisions under uncertainty (Economic Times, 2017). Monte Carlo not 

only allows the evaluator to see the outcomes, but it also allows the evaluator to see the 

probabilities of outcomes. Monte Carlo Simulation uses probability distributions to model 

stochastic or random variables. To that end, it uses different probability distributions to 

model input variables such as normal, lognormal, uniform, weibul and triangular 

distributions. In general, there are 4 steps (Brealey et al, 2008) to applying the Monte 

Carlo Simulation method. The first is to model the project, the second is to specify 

probabilities, the third is to simulate the cash flows, and the fourth is to calculate the net 

present value. On the first step, the simulation strategy, equations for cash flow, revenues 

and costs, and the forecast error are devised. The key assumption here is that the cash 

flows and revenues used are independent because it is believed that the cash flow for 
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one year at a mining operation is not dependent on the cash flow from the previous year. 

The second step is to define probabilities of the likelihood that forecasts will be lower or 

higher than the predicted forecast. This process is repeated with all variables deemed to 

impact the cash flows and, depending on the lower and upper bounds of the estimates of 

values for the variables, distributions of forecast errors are defined which allows the next 

step to be executed. In the third step, adequate software such @Risk or Crystal Ball, 

randomly samples from the distribution of forecast errors, calculates and records the cash 

flows for a given period. Many iterations – usually thousands - are executed and a 

reasonably accurate estimate of the probability distributions of the cash flows emerges 

from the model. Figure 5.4 depicts such a histogram or frequency distribution of cash 

flows. The frequency distribution data simulation is run for all parameters of interest and 

is then converted to cumulative probability of occurrence by fitting a suitable mathematical 

distribution to the data, thereby producing probability estimates for the desired 

parameters. In the last step, discounting cash flows with the risk adjusted discount rate 

should yield the net present values that will allow a decision to proceed with the project 

or not. It will also determine which mining equipment component brand to choose as the 

best alternative. The next chapter will discuss the methodology, data gathering, the 

analytical and stochastic models and the probabilistic approach applied to the analytical 

model. 
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Figure 5.4 Monte Carlo Simulated Cash Flows for Year 10 of a Hypothetical Project 
(Brealey et al, 2008) 
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CHAPTER 6 

RESEARCH METHODOLOGY 

This Chapter discusses the methodology that is centered on building the Analytical 

Model and the Stochastic Model, based on Monte Carlo Simulation. The methodology 

focuses on (1) validating the hypothesis that less reliable components will produce a 

greater NPV of revenue loss and (2) achieve the objectives of this research as described 

in Chapter 1. The methodology also demonstrates that in the absence of negative cash 

flows and / or an initial investment a Rate of Return cannot be calculated. The 

methodology is applied to a case study where two Time to Failure data sets for hydraulic 

hoses, from two hypothetical haul truck fleets and hose brands, are used to calculate the 

relative revenue loss caused by the reduction in availability caused by hose failures. 

6.1 Methodology 

The research methodology uses an analytical (deterministic) model and a Monte 

Carlo Simulation (stochastic) model that relies on the risk analysis software @Risk V 7.5 

to produce the cash flows associated with the reliability of two data sets. It will show the 

differences between the two models and how they calculate the Net Present Value of the 

relative revenue losses, resulting from the different component reliabilities, and 

equipment availabilities. The basic structure for both the analytical and stochastic models 

is shown in Figure 6.1. The main difference between the two models is related to the 

treatment of risk and uncertainty. The analytical model takes the Times to Failure of the 

two data sets and produces a point estimate of the Mean Time to Failure. Based on that 

estimate, it calculates the availability, cash flows and Net Present Value as deterministic, 

single values. Conversely, the stochastic model treats the Mean Time to Failure, and 

some of the main operational and financial assumptions as uncertain and represents 

them as probability distributions. Therefore, its calculations will also produce probability 

distributions for the availability, cash flows and Net Present Value. It is important to note 

that the structure shown in Figure 6.1 can be applied to any equipment component in any 

mining unit operation. The methodology can be applied to components used in equipment 

involved in ore production, waste removal, and auxiliary operations. Moreover, it provides 

the steps of the protocol that will evaluate the economic impact different reliabilities of 
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equipment components from different manufacturers will have on a mining company’s 

cash flow. This is one of the objectives of this research. In addition, empirical observation 

indicates that if mining companies have this component reliability information, it does not 

seem to be used by purchasing departments to make purchasing decisions. Purchasing 

agents continue to adhere to pricing only as the main deciding factor between brands of 

hoses or other components and they do not seem to be trained to make decisions based 

on reliability. Therefore, this methodology supports the second objective of this research 

which is to assess if the use of reliability data is a superior method to decide on the 

purchasing of an equipment component when compared to conventional, price based 

methods. 

 

Figure 6.1 Generalized Model and Methodology Steps with Outputs 

 

6.2 Input Data 

The input data depends on a mining company’s ability to track component failure 

and replacements so that Time to Failure and Time to Repair can be identified and stored 

over time for any components in any piece of equipment at the mine site. Since the data 

can take any value from t=0 to t= ∞ the data sets are continuous. Only a component 
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management system can provide that capability, and usually, such a program is part of a 

well-structured Reliability Maintenance Management Program. This research uses data 

from such a program at two large mine sites in two different countries to produce the Time 

to Failure of hydraulic hoses. The data comes from the same manufacturer that supplies 

both sites and this research considers one mine site as consuming Brand A and the other 

mine site as consuming Brand B. Due to the operating differences between mine sites 

both data sets are assumed to be independent. The Mean Time to Repair was based on 

empirical observation of the time it takes to repair hydraulic hoses when they fail at 

different mine sites and put the equipment back in operation. Although the data 

represents hoses installed in different types of equipment, for the purposes of this 

research, it will be considered representative of a fleet of 240-ton haul trucks. The hoses 

are all 2nd generation hoses; hoses that replaced first generation hoses; or those already 

installed in the trucks either by the Original Equipment Manufacturer (OEM) or by the 

mining company before the hose management program was installed. The data will 

illustrate the calculation of cash flows related to these two data sets in terms of production 

losses related to the time to repair and consequent diminished haul truck fleet availability. 

This reasoning can be extended for any other mining equipment component, as at the 

very minimum, it will cause downtime and lost production revenue.  

6.3 Developing the Body of Data through a Reliability Based Component 

Management Process (CMP) 

The following describes the Component Management Process (CMP) that was 

used to generate the data for this research. This process was applied to hydraulic hoses 

but could be applied to any component on a piece of equipment. The Hose Management 

Process (HPM) empirically verifies the Times to Failure by keeping track of the installation 

and replacement of individual hoses on a piece of mining equipment. The HMP is based 

on the following techniques: 

1. Monitoring of external hose condition through periodic inspections,  

2. Value Engineering/Value Analysis (VEVA) where the hydraulic system on a piece of 

mining equipment is evaluated to define what changes can be introduced to the lay-

out to improve hose routing, reduce abrasion and improve hose life and 
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maintainability. In addition, it defines if hoses with different wear and construction 

characteristics can be installed to increase the hydraulic system’s reliability,  

3. Hazard studies enabled by systematic equipment inspections and analysis of 

component failure risk to personnel and equipment, 

4. Root cause and effect analysis of failed components to help establish a site-specific 

standard of system risk criticality, 

5. Expert software systems that support traceability of consecutive hose replacements 

and produce the necessary data for system reliability analysis, 

6. Multi-skilling and team work between end user and supplier teams which are crucial 

for the successful implementation of the process. 

To expand on these techniques and explain the hose assembly performance relationship 

to RCM, the seven RCM expectations, discussed in Chapter 3, as they pertain to the 

hydraulic hoses in the case study are: 

1. What is the component supposed to do, and what are its associated performance 

standards? 

Hose assemblies convey power through the dynamic action of pressurized hydraulic 

fluids, which enable a piece of machinery to perform its basic operating functions of 

loading, ripping, digging, hauling, drilling or grading. The performance standards are 

derived from the various industry bodies that establish standards and guidelines for hose 

assemblies such as SAE, ISO, DIN and MDG-41 to name a few.  

2. In what ways can a component fail when providing the required functions? 

Hose assemblies can fail in several ways depending on the application in which they 

are installed. They can fail by internal effects such as manufacturing defects, poorly 

designed hose / coupling interface, continuous pressure impulse spikes above working 

pressure, temperature spikes, and by external effects such as poor crimping, twisting, 

external cover abrasion, cuts, or gouges caused by age and fatigue. The Hose 

Management process tracks hose assemblies from cradle to grave, thereby identifying 

when the hose fails and what the failure mode was. 

3. What are the events that cause each failure? 
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Many events cause these failures, but most are related to manufacturing engineering 

processes, crimping practices and installation quality. Analysis of each failure will help 

maintenance operators recommend the right product that will ensure from the beginning 

the highest possible reliability of a hose assembly for the application. 

4. What happens when each failure occurs? 

Hoses fail in various ways and are usually not the main cause of downtime at mine 

sites, but they do impact mining productivity with downtime and under-performance of 

equipment. Some of the failures encountered with hydraulic hoses are blistering, hose-

coupling separation due to improper crimping, and bursts due to poor manufacturing or, 

abrasion. Leaks are detrimental because not only do they slow down the equipment 

hydraulic system response, but they also increase the hydraulic oil consumption and 

hydraulic oil contamination due to ingress of environmental impurities in the hydraulic 

circuits. The combined effect of downtime, excessive hydraulic oil consumption, filters, 

and reduced productivity is financially significant but few mining companies have an 

effective and long-lived hydraulic hose management program that produces the Mean 

Time to Failure and Mean Time to Repair of the hydraulic hoses used on site. Another 

important aspect of the use of hydraulic hoses is the environmental impact. Large mining 

equipment also have large hydraulic tanks and when a major hose ruptures a significant 

volume of hydraulic fluid escapes the hydraulic circuit onto the ground. Hydraulic fluid can 

have heavy metals that can contaminate the soils and ground water and should be 

cleaned up as quickly as possible. This requires that the operation be halted with 

potentially costly consequences for the operator. Still, the most important aspect of failure 

is safety. Hydraulic hoses are high or very high-pressure vessels (up to 10,000 psi in 

some mining equipment) and they have different operational, environmental, and duty 

cycles depending on their construction and manufacturing processes. The injuries and 

damages caused by pinholes, hose bursts and coupling accidental detachment are 

usually serious, sometimes even fatal, and can also be detrimental to equipment. 

Equipment, for example, might catch fire and suffer irreversible damage because of leaks 

and ignition of hydraulic fluid escaping from the hydraulic system. Hence, safety can be 

deeply affected by the reliability of the hoses and mining companies need to be aware of 

the risks of buying products that might be less reliable than others both in surface as well 
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as underground mining. Usually, the cost of the hose assembly that fails is far less than 

all the other costs that are involved with a failure.  

5. In what way does each failure matter? 

Each failure matters because it will adversely affect the performance of mining 

equipment and the profitability of the mining operation to some variable degree.  

6. What systematic task can be proactively performed to prevent, or to diminish to a 

satisfactory degree, the consequences of the failure? 

An Application Engineering approach is the most proactive action an operator can 

take. This approach involves studying the hydraulic system on the machine and 

prescribing the right hose assembly component for that application. In addition, 

Application Engineering helps with the serviceability of the machine when it comes time 

for hose assembly fabrication, while also helping with the cost of the machine’s bill of 

materials after the machine is out of warranty from the OEM. This is accomplished by 

modifying the hose routing, type and adapters used in the various connections. 

7. What must be done if a suitable preventive task cannot be found? 

Time and answers to Questions 1 through 6 helps to build a database of well 

documented cases upon which the user can establish maintenance policies and a body 

of maintenance tasks (preventive and/or predictive) that will promote remediation and 

increased equipment reliability. This body of information is the essence of the Component 

Management Process. The investment in such Component Management Process pays 

for itself many times over by determining the reliabilities of different component Brands 

and helping select those components that minimize downtime and maximize operational 

safety, reliability, and availability (Gates Corporation, 2013). By applying the Reliability 

Based Hose Management process as described above, it has been possible to produce 

failure data for 88 second generation hose assemblies at two mine sites. From this body 

of data, reliability parameters such as Mean Time to Failure have been estimated and 

used in the analytical and Monte Carlo simulation models. Empirical data shows that the 

financial value of hose related downtime is up to 2 orders of magnitude larger than the 

cost of a hose assembly as shown in Figure 6.2. Hence, this demonstrates the inherent 

need for and value of this research.  
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Figure 6.2 Relative Values of Downtime, Machine Content and Hose Assembly Pricing 
for a Prime Mover in Mining 

 

The previous discussion is the basis for the following introduction and description of the 

Analytical and Stochastic Models according to the structure described in Figure 6.1. 

 

6.4 The Analytical Model 

The Analytical Model structure follows Figure 6.1 and its parts include the input 

data, calculation of availability, production calculation, cash flow calculations, net present 

value of the revenue loss determination and the application of the probabilistic approach 

to the model. 

6.4.1. Input Data  

As discussed above, the two data sets for Brand A and Brand B have been defined 

from the RCM/CMP program. The analytical (deterministic) model takes this body of data 

and uses a simple average of the individual hoses Times to Failure to describe the Mean 

Times to Failure for both Brands. The calculation produces a point estimate of this 

reliability measure and all the reliability measures are then summarized in Table 6.1. 

These parameters are then used in the availability calculations in Section 6.2.3.2. 

Surface Gold Mine Heap Leach 

 Cost of Hose Assembly: up to 

$840.00 

 Hose Content /Machine: up to 

$25,000 

 Lost value due to downtime on a 

i $ /h

Surface Thermal Coal Mine 

 Cost of Hose Assembly: up to $1,100.00 

 Hose Content/Machine: up to $40,000 

 Lost value due to downtime on a prime 

mover: $27,000/hr 

 Spot Price of Coal at $7.53/metric ton 
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Table 6.1 Reliability Measures 

Reliability Measures from the RCM/CMP Program Units 

TTF (Mean Time to Failure) for individual hoses Hours 

TTR (Mean Time to Repair) for individual hoses Hours 

MTTF (Mean Time to Failure) for data sets Hours 

MTTR (Mean Time to Repair) for data sets Hours 
 

6.4.2. Availability Calculation  

The model uses Equation 3.27 to relate the reliability measures Mean Time to 

Failure and Mean Time to Repair and determine the equipment availabilities for the 

hydraulic hoses Brands A and B. These availabilities are then used to produce the 

production calculations in the next section. 

6.4.3. Production Calculation 

Production is calculated based on the operational assumptions that can be 

summarized in Table 6.2. Haul truck capacity is estimated to reach 100% fill factor from 

the loading operation and assumed to reach full load capacity per truck. The number of 

trucks on the fleet reflect the size of a medium sized surface copper mine, where the 

duration of a trip from the loading faces to the primary crusher station takes the same 

time for any haul truck anywhere in the mine. In situ copper grade is assumed to be an 

average of copper mine operations surveyed by Calvo (Calvo et al, 2016). The production 

calendar considers that an individual truck operates a period of 22 hours during the day 

in a year-round fashion, and that the total of available truck-hours is the product between 

the number of trucks times the number of days in a year times the number of available 

hours per day. The utilization factor is calculated according to Equation 3.8. The 

Production Efficiency is assumed to be 100% as calculated by Equation 3.13 (The rated 

and actual productions are considered to be the same) and the Operational Efficiency is 

calculated according to Equation 3.14. Copper mill recovery has been empirically 

determined and operational assumptions are shown in Table 6.2. The output of this step 

is the pounds of copper lost due to the different reliabilities and availabilities that will be 

used in the next section to produce the cash flow calculations. The calculations are 

described in Table 6.3. 
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Table 6.2 Operational Assumptions for Surface Mining Operation 

Operational Measure UOM 
# Calendar Hours per truck Hours 

Standby Time per truck Hours 

Haul Truck Capacity tons 

# of Trucks on Truck Fleet Trucks 

# of trips per hour per truck trips 

Copper Grade % 

Copper Mill Recovery % 

Production Cash Costs Brand A $/lb 

Production Cash Costs Brand B  $/lb 

Conversion tons to pounds Lbs/ton 
 

Table 6.3 Production Calculations 
 

Production Calculations UOM 

Haul Truck Fleet Availability % 

Haul Truck Fleet Utilization % 

Calendar hours available per truck Hours 

Downtime related to component Hours 

# of Hours lost due to component related downtime Truck.Hours/Year 

Production per Truck.Hour Tons/Truck.hour 

Lbs of copper Lost Lbs 

 

6.4.4. Cash Flow Calculations 

The cash flow calculations start with the determination of the cash costs for the 

surface copper mine. To this end, 2016 production cost data from the Kansanshi Mine 

were adopted together with the assumed copper price and yearly expense with hydraulic 

hoses from Brands A and B. In this way, cash costs for Brands A and B were calculated 

and used in the model. The availability and production calculations determined the 

pounds of copper lost due to the different reliabilities between Brands A and B. At this 

point, the model uses the assumed copper price, royalties, the cost of sales (cash cost 

only), and the income tax rate to define the revenue loss due to the use of Brands A and 

B for years one to three. The calculations determine the After-Tax Cash Flows (ATCF) 

that will yield the data for the Net Present Value calculation that follows. The financial 

assumptions used are then listed below in Table 6.4 and all the discounted cash flow 
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calculations are summarized in Table 6.5. All parameters in this table are point estimates. 

The values of the cash flows are then used in the next section to calculate the Net Present 

Values of the Revenue Losses for Brands A and B. 

Table 6.4 Financial Assumptions for Hypothetical Mining Company 
 

Financial Measure UOM 

182 days Treasury Bill Rate or Risk-Free Rate Bankrate.com, 9/26/2017 
Beta Reuters Financial Stock Overview, 

Rio Tinto, 9/26/2017 

Market Interest Rate 
Wall Street Journal Prime Rate, 
9/26/2017 

Copper Price $/lb 

Cost of sales growth rate % 

Royalty rate % of Gross Revenue 
 

Table 6.5 Summary of Discounted Cash Flow Calculations for Brands A and B 

Discounted Cash Flow Calculations UOM 

Gross Revenue Loss Per Year $/Year 

Lost Royalties @ 12.5% of Gross Revenue % of Revenue 

Revenue Loss $/Year 

Cost of Sales $/Year 

Taxable Income Loss (EBITDA) $/Year 

Income Tax on Gross Profit Loss % 

After Tax Cash Flow of the Lost Revenue $/Year 

 

6.4.5. Net Present Value Calculations 

The three yearly cash flows of the revenue losses for Brands A and B are 

discounted back to the beginning of year one using the calculated discount rate according 

to Equation 4.1. This determines the Net Present Value of the after-tax cash flows (ATCF) 

of the revenue loss. This calculation allows for the comparison between the revenue 

losses for hose Brands A and B which is one of the objectives of this research. The model 

methodology and calculations verify the hypothesis and builds the protocol that effectively 

evaluates the economic impact different point estimates of reliabilities of equipment 

components have on a mining operation’s cash flow. There is no calculation of Rates of 

Return (ROR) because in this case all cash flows are positive and there is no capital 
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investment. However, and as will be discussed in more detail in the stochastic model, the 

analytical model can also treat capital investments and negative cash flows yielding a 

ROR.  

6.5 Probabilistic Approach Applied to the Analytical Model 

As described in Chapter 5, the probabilistic approach takes the minimum, most 

likely, and maximum values of the cash flows (as in a PERT distribution) and calculates 

mean and standard deviation values. In that way, an expected value and variance for the 

NPV can be calculated, and the probability the NPV is less or equal than zero can also 

be determined. This result also indicates the probability of reaching an Internal Rate of 

Return or Maximum Discount Rate above which the NPV is less than zero. Applying this 

approach to the Analytical Model shows that the NPV cannot be zero or less than zero 

with the data and parameter values used. As already stated, this is because of the 

absence of an initial capital investment and/or negative cash flows. The process to 

achieve this result is shown in Table 6.6. With the expected value of the cash flows and 

the Variance, the probability that the NPV will be less than zero can be determined using 

the procedure in Table 6.7. 

 

Table 6.6 Process to Determine Mean and Variance for the Cash Flows 

Probabilistic Analysis Analytical Model 

Hose Brand 

Minimum Value of the NPV 

Expected Value of the NPV 

Maximum Value of the NPV 

Mean Value of the NPV 

Variance of the NPV 
 

Table 6.7 Calculation Factors for Probability of NPV <0 

Calculation of the Probability of NPV<0 z - value Probability NPV<0 

Probability NPV<0 Brand A Dimensionless % 

Probability NPV<0 Brand B Dimensionless % 
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6.6 Stochastic Model – Monte Carlo Simulation 

The Monte Carlo Model structure also follows Figure 6.1 and its parts are 

described below. As with the Analytical Model it includes the input data, availability 

calculations, production calculations, cash flow calculations and determination of the net 

present value of the revenue loss. 

6.6.1. Input Data 

The Monte Carlo Simulation Model uses the same structure as the Analytical 

Model but treats many inputs differently. The Monte Carlo method (from now on also 

called stochastic) treats the Time to Failure data sets with the software called @Risk. 

Point estimates made in the analytical model are replaced by statistical distributions to 

deal with the uncertainty related to field measurements of Times to Failure. @Risk 

produces a best fit probability distribution to the Times to Failure generating the ranges 

of possible values for the Mean Time to Failure. The uncertain data inputs are shown in 

Table 6.8. 

6.6.2. Availability Calculations 

The model uses Equation 3.27 to relate the reliability measures Mean Time to 

Failure and Mean Time to Repair and to determine the equipment availabilities for the 

hydraulic hoses Brands A and B. However, in this case, and as mentioned above, @Risk 

fits a distribution to the Times to Failure for Brands A and B. 

Table 6.8 Uncertain Data Inputs and Distributions With @Risk V 7.5 
 

Reliability 
Measure 

Best Fit Probability Distribution from 
@Risk 

Model Representation 

MTTF Brand A Inverse Gauss Fitted to the Data Distribution 
MTTF Brand B Inverse Gauss Fitted to the Data Distribution 

 

@Risk samples the ranges of values in the distributions during a simulation to 

determine the probability distributions for the availabilities of a haul truck related to the 

different reliabilities of the hoses on the trucks. The Mean Time to Repair has been 

determined empirically and is a point estimate. These availability distributions are then 

used to produce the distributions of the total amount of coper lost in the production 

calculations to be discussed next. 
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6.6.3. Production Calculations 

The considerations in this section are the same as the ones in section 6.4.3. 

The differences are related to the use of statistical distributions to define some of the 

parameters and calculations. The utilization factor is a distribution calculated according 

to Equation 3.8 by sampling the distribution of availabilities. The known operational 

assumptions are listed below in Table 6.9. 

Table 6.9 Known Operational Assumptions for Truck Fleet 

Input 
Unit Of 
Measure 

Model Representation 

# of Available Hours per truck per year Hours Point Estimate 

Equipment Capacity tons Point Estimate 

# of trips per hour per truck trips Point Estimate 

Number of Haul Trucks Trucks Point Estimate 
MTTR for Brands A and B Hours Point Estimate 
Standby-hours Hours Point Estimate 
Mill Recovery % Point Estimate 
Conversion tons to pounds Lbs/ton Point Estimate 
Copper Grade % Point Estimate 

 

The production calculations are shown in Table 6.10. The output of this calculation are 

the pounds of copper lost due to haul truck fleet downtime related to hose replacements. 

Note that some of the calculations are done at every step of the simulation process to 

produce the distributions of the outputs. 

Table 6.10 Production Calculations 

Production Calculations Unit Of Measure Model Representation 
Availability from Reliability % Statistical Distribution 
Equipment Utilization % Statistical Distribution 
Operating Expense $/Year Statistical Distribution 
# Calendar Hours Hours Point Estimate 
# of Equipment under consideration # Trucks Point Estimate 
# of Hours available from truck fleet Truck.Hours/Year Point Estimate 
Production Hours Lost due to downtime Truck.Hours/Year Simulation Step 
Production per Truck.Hour Tons/Truck.hour Simulation Step 
Lbs of copper Lost Lbs Simulation Step 
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6.6.4. Cash Flow Calculations 

The Monte Carlo model uses the pounds of copper lost, the operating expenses 

and copper price distributions to arrive at the revenue loss. The operating expense growth 

rate is represented by a normal distribution which by the Central Limit Theorem is a safe 

assumption particularly for increased number of years. Table 6.11 summarizes the 

uncertain financial factors. The cash flows are then calculated using the factors listed in 

Table 6.12 at every step of the simulation process. 

Table 6.11 Uncertain Inputs and Distributions with  
@Risk V 7.5 

Uncertain Financial Assumption Distribution Type 
Operating Expense Growth Rate 
(cash costs) Normal 
Copper Price Pert 

 

Table 6.12 Discounted Cash Flow Calculations for Brands A and B 

Cash Flow Simulation Calculations Unit of Measure Remark 
Gross Revenue Loss Per Year $ Simulation Step 
Lost Royalties @ 12.5% of Gross Revenue % of Revenue Simulation Step 
Net Revenue Loss $/Year Simulation Step  
Income Tax Rate % Point Estimate 
Taxable Income (EBITDA) $ Simulation Step 
Income Tax on Gross Profit Loss $ Simulation Step 
After Tax Cash Flow (ATCF) $ Simulation Step 

The above production calculations determine the yearly cash flows (losses) due to the 

different reliabilities between Brands A and B for years one to three. The cash flows are 

the input for the Net Present Value Calculations discussed in the next section.  

6.6.5. Net Present Value Calculations 

Based on Equation 4.1, the Capital Asset Pricing Model calculates the discount 

rate that is used to define the PERT distribution in the stochastic model. As seen above 

the model uses probability distributions of several inputs to produce the probability 

distributions of the Net Present Value (NPV) of the cash flows for Brand A and Brand B 

according to Table 6.13. The model allows the evaluator to quantify the probability that 

Brand A and Brand B will give a certain net loss due to downtime. This is preferable to 
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using a single value based on averages, that might not represent the true variation 

between the individual Times to Failure in the data sets for Brands A and B.  

Table 6.13 Outputs from Monte Carlo Simulation using @Risk V7.5 

Outputs Unit Of Measure 
NPV of the After-Tax Cash Flow 
Loss Brand A Distribution 
NPV of the After-Tax Cash Flow 
Loss Brand B Distribution 

 

The NPV distributions are best fitted, according to @Risk V 7.5, by the Inverse Gaussian 

Distribution function described in Table 6.13. This methodology will calculate Rates of 

Return (ROR) in case there are initial investments related to the acquisition and/or 

operation of the components, or negative cash flows. A negative cash flow occurs when 

the revenue loss is smaller than the operating expense associated with it. The meaning 

of the negative cash flow is the excess loss above the existing revenue loss that should 

be discounted and added (as a negative number) to the stream of cash flows to calculate 

the Net Present Value of the revenue loss and the ROR. The meaning of the ROR in this 

case is the % return lost on the invested operating expense with a component. All 

expenses of acquiring a given component are recurring expenses, not a capital expense. 

In this sense, a deficiency ratio can be calculated to define how detrimental to the 

operation a component is. In this methodology, this is shown in Equation 6.1.  𝐸𝑥𝑝𝑒𝑛𝑠𝑒 𝐷𝑒𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 𝑅𝑎𝑡𝑖𝑜 = 𝑁𝑃𝑉 𝑅𝑒𝑣𝑒𝑛𝑢𝑒 𝐿𝑜𝑠𝑠−𝑁𝑃𝑉𝐶𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝐸𝑥𝑝𝑒𝑛𝑠𝑒𝑁𝑃𝑉 𝑅𝑒𝑣𝑒𝑛𝑢𝑒 𝐿𝑜𝑠𝑠     (6.1) 

Where 

Expense Deficiency Ratio = Ratio of the NPV of Revenue Loss minus the NPV of the 

Component Expense divided by the NPV of the Revenue loss in the year incurred. The 

component that has the lower ratio is the component that should be selected and 

purchased as this is the component that will also have the lowest NPV of the Discounted 

Cash Flows or Revenue Loss. This ratio cannot be greater than 1 and the model also 

represents this ratio as a distribution. Uncertainty and risk need to be evaluated and the 

stochastic method is the method that allows the evaluator to assess the degrees of risk 

and uncertainty associated with the data sets, the resulting availabilities and operating 
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cash flows. This methodology also verifies the hypothesis that components with lower 

reliabilities will yield larger revenue losses. It also describes the stochastic protocol to 

evaluate the impact equipment components with different reliabilities will have on a 

company’s cash flow. Thus, the methodology used in both models support the two main 

objectives of this research. The next chapter presents the actual results for the 

calculations of availabilities and revenue losses for Brands A and B. 

Table 6.14 Inverse Gaussian Distribution to Best Fit the NPVs of the Revenue Loss for 
Brands A and B 

  

 

 

 

 

 

 

Density  

and 

Cumulative 

Distribution 

Functions 

Here, Ф(z) is the cumulative distribution function of a Normal Distribution  
(0,1) 
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CHAPTER 7 

RESULTS AND DISCUSSION 

To validate the methodology developed in Chapter 6, this chapter describes the 

results of applying empirical data to the methodology and generating the availabilities and 

discounted cash flows associated with a case study between two hydraulic hose Brands 

A and B. The case study refers to two sets of hydraulic hoses from two identical and 

hypothetical truck fleets at two different mine sites. In the calculations, discount rate, 

Mean Time to Failure, copper price, operating costs evolution, and truck availability are 

deterministic in the Analytical Model and uncertain in the stochastic (Monte Carlo) model. 

The models also assume that the cash flow period of interest is equal to three years 

(usually the duration of contracts for hose supply) and that the expense with hoses for 

Brand A is $2,000,000 per year and for Brand B is $1,000,000 per year. At the 

hypothetical production level of 1.09 billion pounds of copper cathode per year, the cost 

per pound of recovered copper for hoses is $0.0039 per pound for Brand A and $0.002 

per pound for Brand B. The mine production cash costs are $1.15 per pound with Brand 

B and $1.152 per pound with Brand A for the first year. 

7.1. Discount Rate Calculation 

The calculation of the Discount Rate will involve Equation 5.1 with the Beta for Rio Tinto 

reported by Reuters as shown in Table 7.1 and the market interest rate is assumed to be 

4.25%. The calculation of the Discount Rate also requires the risk-free interest rate which 

is assumed to be 2.35%. By using Equation 4.1 (the Capital Asset Pricing Model), the 

following is the process to calculate the discount rate for the models: 𝑟 =  𝑟𝑓 + 𝛽 ∗ (𝑟𝑚 − 𝑟𝑓)        (7.1) 

  

Where 𝑟 = Required Return or Cost of Capital 𝑟𝑓 = Risk free rate = 2.35% (assumption as explained above) 
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Table 7.1 Summary of Financials Rio Tinto PLC (Reuters, 10/13/2017) 
https://www.reuters.com/finance/stocks/overview/RIO.AX 

 

Parameter Value Unit of Measure 

Beta 0.97 NA 

Market Cap $111,546 Mil. 

Shares Outstanding  1,788 Mil. 

Dividend $1.38 $/share 

Yield 4.42 
% 

  𝛽 = Beta = 0.97 (from Rio Tinto’s data in Table 7.1) 𝑟𝑚 = Market interest rate = 4.25% (assumption as explained above) 

And the point estimate for the Discount Rate is 4.19% 

7.2. Analytical Model Results 

Brands A and B were analyzed based on their Time to Failures and their equipment 

availability defined by Equation 3.27 is: 𝐴𝑉𝑚 = 𝑀𝑇𝑇𝐹(𝑀𝑇𝑇𝐹+𝑀𝑇𝑇𝑅)         (7.2) 

With the MTTFs and MTTRs for both data sets shown in Table 7.2. By applying Equation 

3.27, the availability for Brand A is 99.87% and for Brand B is 99.85%. The Equipment 

Utilization is calculated according to Equation 3.8: 

𝑈𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 (𝑈) =  (𝑇𝐻−𝐷𝑇−𝑆𝐻)(𝑇𝐻−𝐷𝑇) 𝑥100       (7.3)  

The Production Efficiency, as defined by Equation 3.13, is considered to be 100%. This 

is because actual production, or {AP/(TH-DT-SH)}, is the same as the rated capacity, or 

RC, in units of production per hour, making the value of the expression below to be: 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 =  [{ 𝐴𝑃𝑇𝐻−𝐷𝑇−𝑆𝐻} /𝑅𝐶] 𝑥(100) = 100%   (7.4)  

https://www.reuters.com/finance/stocks/overview/RIO.AX
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Table 7.2 Mean Time To Failure and Mean Time To Repair for Brands A and B 

Parameter Value Unit of Measure 

Mean Time To Failure Brand A 3,044 Hours 

Mean Time to Failure Brand B 2,738 Hours 

Mean Time to Repair Brand A 4 Hours 

Mean Time to Repair Brand B 4 Hours 

           

And the Overall Equipment Effectiveness is expressed by Equation 3.14 and this is the 

measure used to calculate the tons produced by the truck fleet. 𝑂𝑣𝑒𝑟𝑎𝑙𝑙 𝐸𝑞𝑢𝑖𝑝𝑚𝑒𝑛𝑡 𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒𝑛𝑒𝑠𝑠 = (𝐴𝑉𝑚)(𝑃𝐸)(𝑈)    (7.5)  

Table 7.3 illustrates the results of these calculations. 

Table 7.3 Calculations of Overall Equipment Effectiveness 

Parameters Brand A Brand B 
Unit of 

Measure 
Remarks 

Availability 99.87% 99.85% %  

Calendar Hours Available per Truck 8,030 8,030 Hours TH 

Standby Hours 730 730 Hours SH 

Downtime Based on Availability 11 12 Hours DT 

Number of Operated Hours 7,289 7,288 Hours TD-SH-DT 

Number of Available Hours 8,019 8,018 Hours TH-DT 

Utilization 90.90% 90.90% %  

Overall Equipment Effectiveness 90.78% 90.76% %  
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Table 7.4 shows the other operational assumptions used in the cash flow calculations. 

Table 7.4 Operational Assumptions for Hypothetical Truck Fleets 

Parameter Value 
Unit of 

Measure 
Equipment Capacity              240  Tons 
# of trips per hour     3  Trips 

# of Trucks in the fleet               40  Trucks 

Corporate Income Tax Rate 35 % 

Copper Price 3.00 $/lb 

Production Cash Costs Brand A           1.150 $/lb 

Production Cash Costs Brand B           1.152  $/lb 

Cost of Sales Growth Rate 5 % 

# of Calendar Hours per Year 8,030 Hours/yr/truck 

Conversion Tons to Pounds 2,000 Lbs/ton 

Copper Grade 0.62 % 

Mill Recovery 87 % 
 

Financial assumptions for the Analytical Model are shown in Table 7.5.  

Table 7.5 Financial Assumptions for Hypothetical Mining Company 

Financial Measure  Unit of Measure 
182 days Treasury Bill 
Rate or Risk Free Rate 1.18% Bankrate.com, 9/26/2017 
Beta 0.97 Reuters Financial Stock Overview, Rio 

Tinto, 9/26/2017 

Market Interest Rate 4.25% 
Wall Street Journal Prime Rate, 
9/26/2017 

Copper Price 3.0 $/lb 

Cost of sales growth rate 5.0 % 

 

With this information, the calculations for the net present value of the revenue losses 

due to loss in availability are presented in Table 7.6 for Brand A and in Table 7.7 for 

Brand B. 
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Table 7.6 Net Present Value of Revenue Loss Per Year for Brand A 

  

  Year 1 Year 2 Year 3

Gross Revenue Loss Per Year $ 8,096$ 8,096$ 8,096$ 

Lost Royalties @ 12.5% of 

Gross Revenue % of Revenue 1,012$ 1,012$ 1,012$ 

Revenue Loss $/Year 7,084$ 7,084$ 7,084$ 

Cost of Sales $/Year 3,109$ 3,270$ 3,433$ 

Taxable Income Loss (EBITDA) $ 3,975$ 3,814$ 3,651$ 

Income Tax on Gross Profit 

Loss % 1,391$ 1,335$ 1,278$ 

After Tax Cash Flow of the 

Lost Revenue $ 2,584$ 2,479$ 2,373$ 

Net Present Value of Cash 

Flows Brand A (000's) 6,861$              

Brand A (000's)

 

Table 7.7 Net Present Value of Revenue Loss Per Year for Brand B 

Year 1 Year 2 Year 3

Gross Revenue Loss Per Year $ 8,996$ 8,996$ 8,996$ 

Lost Royalties @ 12.5% of 

Gross Revenue % of Revenue 1,124$ 1,124$ 1,124$ 

Revenue Loss $/Year 7,871$ 7,871$ 7,871$ 

Cost of Sales $/Year 3,448$ 3,621$ 3,802$ 

Taxable Income Loss (EBITDA) $ 4,423$ 4,251$ 4,070$ 

Income Tax on Gross Profit 

Loss % 1,548$ 1,488$ 1,424$ 

After Tax Cash Flow of the 

Lost Revenue $ 2,875$ 2,763$ 2,645$ 

Net Present Value of Cash 

Flows Brand B (000's) 7,643$           

Brand B (000's)

 

Since Brand B costs the mine $1.0M/Year and Brand A costs the mine $2.0M/year; Brand 

A is 100% more expensive than Brand B. The results indicate that Brand B will cause a 

revenue loss, due to reduced haul truck availability from hydraulic hoses, which is 11.3% 
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greater than Brand A or roughly $800,000. This is after the cost differential between 

Brands A and B have already been considered in the cash flow calculation.  

7.3. Determining if a Rate of Return can be Calculated from the Data 

It is necessary to evaluate the possibility of calculating the rate of return for the cash flows 

calculated by the Analytical Model. For this purpose, this research uses the approach 

discussed in Section 5.3.1. This calculation indicates that a rate of return for the cash 

flows calculated for the Analytical Model has a negative probability of occurring unless 

there are negative cash flows or initial investments to be considered, which is not the 

case in this case study. The results of this evaluation are given in Table 7.8. 

Table 7.8 Probabilistic Analysis for NPV<0 

Brand A Range of Values $(000’s) 

Minimum (% of NPV) 0.75 $5,145  

Expected (% of NPV) 1 $6,861  

Maximum (% of NPV) 1.25 $8,576  

Mean  $6,861 

Variance   $     326,919,950 

Brand B Range of Values $(000’s) 

Minimum (% of NPV) 0.75 $5,731  

Expected (% of NPV) 1 $7,642  

Maximum (% of NPV) 1.25 $9,552  

Mean  $7,642 

Variance  $     405,637,530 

Probabilities NPV<0 z - value Probability NPV<0 

Probability NPV<0 Brand A           (12.00) 0 

Probability NPV<0 Brand B           (12.00) 0 
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7.4. Monte Carlo Model Results 

The Monte Carlo Model is used to model the cash flows under uncertain conditions 

on several factors that were used in the analytical model as point estimates or 

deterministic values. However, it does use some deterministic operational inputs that do 

not change during the simulations and these are listed in Table 7.9.  

Table 7.9 Deterministic Operational Inputs for Monte Carlo Simulation 

Parameters Values Units 

# of Available Hours per year per truck 
  

8,030 Hours/Year 

Equipment Capacity                240  Tons 

# of trips per hour per truck                     3  Trips 

Income Tax Rate 35 % 

MTTR 4 Hours 

Production Cash Costs Brand A           1.150 $/lb 

Production Cash Costs Brand B           1.152  $/lb 
 

The uncertain input parameters are listed in Table 7.10 with the values of the parameters 

and the distributions used to model them. @ Risk V 7.5 randomly draws values from these 

distributions and calculates the distribution outputs for Availability, Operational Equipment 

Efficiency, Cash Flows, and Net Present Values. For the PERT distributions, the ratio 

between the maximum and most likely values and between the most likely and minimum 

values is 2:1 (Epix Analytics, 2017). The simulation is done with 100,000 steps or random 

walks, producing the output distributions for Brands A and B. Please note that the 

Discount Rate Distribution is presented in Figure 7.1, showing the likelihood that the 

discount rate will be greater than 4.19%, the base value calculated by the Capital Asset 

Pricing Model in Section 7.3. The Copper Price Distribution is shown in Figure 7.2 and 

the graph lower limit is set at $3/lb to show the probability that the copper price will be 

greater than that value. Figures 7.3 and 7.4 show respectively for Brands A and B the 

likelihood that the Time to Failure values will exceed the initial Mean Time to Failure. The 

distribution for the availability of Brand A is shown in Figure 7.5 and the availability 

distribution for Brand B is shown in Figure 7.6. The graphs were set with the lower limit 

at 99% to show the probability that the availabilities for Brands A and B will exceed that 

value. The probability is 98% for Brand A and 95.7% for Brand B. Figures 7.7 and 7.8 
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show the Equipment Operational Efficiency resulting from the use of Brands A and B on 

the haul truck fleet. The graphs lower limits were both set at 90% which is assumed to be 

the base value for the brands. Figure 7.9 shows the Net Present Value of the resulting 

revenue loss for Brand A, where the reference value is set to $7.81MM as a consequence 

of the static value calculated by @Risk. Figure 7.10 shows the same result for Brand B 

also using $7.81MM as the reference value.  

Table 7.10 Uncertain Input Parameters Considered as Statistical Distributions  

   Parameters of distributions 
Uncertain 

Inputs 
Static 
Values Units Distribution Minimum 

Most 
Likely Maximum 

Discount Rate 4.19 % Pert 2.1% 4.19% 8.38% 

MTTF Brand A 
  

3,044  Hours 
Inverse 
Gauss Fitted 

NA NA NA 

MTTF Brand B 
  

2,738  Hours 
Inverse 
Gauss Fitted 

NA NA NA 

Copper Price 3.00 $/lb Pert $1.5 $3.0 $6.0 
Operating 
Expense Growth 
Rate 5.00 

% Per 
Year Normal NA NA NA 

 

The calculations in the model follow the same process as they did in the Analytical model, 

with the main difference being that the calculation of the cash flows and net present value 

occur at every simulation step to produce the various distributions of the model outputs.  

7.5. Discussion 

The Analytical and Monte Carlo models calculate the haul truck fleets availabilities and 

estimate the Net Present Values of the Revenue Loss resulting from the different hose 

brand reliabilities for a period of three years, usually the time that many hose supply 

contracts last at medium to large mine sites. The calculations are done considering 

positive revenues to arrive at the net value (loss) related to the use of Brands A and B. 

This is the opportunity cost to the mining company when selecting any component that is 

installed in a mining equipment fleet because any component will cause a certain amount 

of downtime and with that a loss in revenue. The amount of downtime is directly related 

to the reliability of the component and the models aim at arriving at the value of net 

revenue loss per year for components of different brands. The results from both models 
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represent two different values that cannot be directly compared but that should produce 

the same recommendation as far as the brand selected for purchase.  

 

 

 

 

 

Figure 7.1 Discount Rate Distribution with the Likelihood that it will be greater than 
4.19%, the Discount Rate calculated by the Capital Asset Pricing Model 
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Figure 7.2 Copper Price Distribution with the likelihood that it will be greater than $3.0/lb 

 

 

Figure 7.3 Time to Failure Distribution Brand A with the likelihood that it will be greater 
than its Mean Time to Failure or 3,044 hours 
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Figure 7.4 Time to Failure Distribution Brand B with the likelihood that it will be greater 
than the Mean Time to Failure for Brand A or 3,044 hours 

 

 

Figure 7.5 Output Distribution for Availability Brand A with the likelihood that it will be 
greater than 99% 
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Figure 7.6 Output Distribution for Availability of Brand B with the likelihood that it will be 
greater than 99% 

 

 

 

Figure 7.7 Operational Equipment Efficiency for Brand A with the likelihood that it will be 
greater than 90% 
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Figure 7.8 Operational Equipment Efficiency Brand B with the likelihood that it will be 
greater than 90% 

 

 

Figure 7.9 Net Present Value of the Revenue Loss for Brand A with the likelihood that it 
will exceed its value of $7,810,000 
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Figure 7.10 Net Present Value of the Revenue Loss for Brand B and the likelihood that 
it will be greater than $7,810,000 or the NPV of the Revenue Loss for Brand A 

 

The Analytical Model produces a point estimate of the Availabilities and Net Present 

Values based on the Mean Time to Failure and Mean Time to Repair for Brands A and B, 

while the Monte Carlo Model uses distributions of these parameters to produce ranges of 

availability defined by their magnitude and probability of occurrence. Table 7.11 

summarizes the results from both models. Table 7.12 shows the comparison of results 

from the Analytical Model and the Monte Carlo Simulation Model. The comparison uses 

the Analytical Model values for Brand A as reference and it shows that: 

a) Availability is roughly 1.5% greater for Brand A than for Brand B in the Analytical 

Model but the likelihood that it will be greater than 99.87% is 14.0% greater for Brand 

A in the Monte Carlo model. Given the sensitivity of the revenue loss to the equipment 

availability, this difference is significant.  

b) Operational Equipment Efficiency is 1.6% greater for Brand A than Brand B in the 

Analytical Model but the likelihood that it will be greater than 90.78% is 14.1% greater 

for Brand A than for Brand B in the Monte Carlo Model. 
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Table 7.11 Summary of Results from both Models 

Parameter 
Analytical 

Model 

Unit of 

Measure 
Monte Carlo Model 

Unit of 

Measure 

Availability Brand A 99.87% NA 98.0%>99.0% NA 

Availability Brand B 99.85% NA 97.5%>99.0% NA 

Operational 

Equipment 

Efficiency Brand A 

90.78% NA 97.1%>90.0% NA 

Operational 

Equipment 

Efficiency Brand B 

90.76% NA 94.3%>90.0% NA 

NPV of the Cash 

Flow - Revenue 

Loss Brand A 

6,861 US$000’s 61.8%>$7,810 US$000’s 

NPV of the Cash 

Flow - Revenue 

Loss Brand B 

7,642 US$000’s 66.8%>$7,810 US$000’s 

Component 

Expense Deficiency 

Ratio Brand A 

70.4% NA 65.2%>73% NA 

Component 

Expense Deficiency 

Ratio Brand B 

86.7% NA 88.7%>73% NA 

 

c) The NPV of the Cash Flows of the Revenue Loss in the Analytical Model is roughly 

11.4% smaller for Brand A than for Brand B and the likelihood in the Monte Carlo  

Model that it will be greater than $6.86MM is 6.0% greater for Brand B than for Brand 

A. 
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Table 7.12 Comparison Between the Analytical and Monte Carlo Simulation Models 

 

 

d) The Component Expense Deficiency Ratio is roughly 23.1% greater for Brand B than 

for Brand A in the Analytical Model and the likelihood that it will be greater than 70.4% 

is 31.3% greater for Brand B than for Brand A in the Monte Carlo Model. 

The reference values used for comparison in the Monte Carlo Model are described in the 

“Remarks” column for that model. No special remarks are needed for the analytical model 

as the comparison is clear when point estimates are evaluated. However, the Monte Carlo 

Model evaluates the changes from Brand A to Brand B by defining the differences in 

probabilities that Brands A and B will be greater than a reference value. In general, this 

reference value is the corresponding value for Brand A in the Analytical model. By this 

approach, the magnitude of changes can be compared between the two models. It is 

apparent that the Monte Carlo Simulation Model gives generally higher values for the 

differences between the parameters. The exception is the NPV of the Cash Flow of the 

Revenue Loss, where the Analytical Model produced a larger difference between the two 

brands. However, it is thought that by using ranges of values in statistical distributions to 

define the likelihoods that the parameters will achieve a certain value, the Monte Carlo 

Simulation is a more realistic model than the Analytical Model. These statistical 

distributions deal more effectively with uncertain input parameters than point estimates of 

mean values because outliers in the data sets might introduce bias in the calculation of 

the point estimate of the mean and standard deviation. This could lead to erroneous 

conclusions in the analysis by considering the NPVs of the revenue losses similar, or 

Model Comparison

Output Parameter A B (A-B)/A*100 Remarks A B (A-B)/A*100

Availability 99.87% 99.85% 1.47%

Likelihood > 

99.87% 32.10% 27.60% 14.02%

Operational 

Equipment 

Efficiency 90.78% 90.76% 1.61%

Likelihood> 

90.78% 31.90% 27.40% 14.11%

NPV of the 

Revenue Loss 

(000's) $6,861 $7,642 -11.38%

Likelihood> 

$6.86MM 66.50% 70.50% -6.02%

Component 

Expense 

Deficiency Ratio 70.4% 86.7% -23.16%

Likelihood> 

70.4% 68.70% 90.20% -31.30%

Analytical Model Monte Carlo Model
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worse yet, causing the user to select the brand with the lower reliability. However, both 

models produced the same conclusion, that is, the mining operator should select Brand 

A over Brand B and the models show that mining operators need to really consider the 

reliabilities from different components when making purchasing decisions. In this case 

study, a difference of just 11% in the Mean Time to Failure generated an incremental NPV 

of the Cash Flow of the Revenue Loss from Brand A to Brand B of roughly $800k. 

Moreover, this is an incremental loss because the component acquisition cost differential 

has been already included in the revenue loss calculation for the 3 years under 

consideration. Still, this is just for one component, namely hydraulic hoses. Mining 

equipment has many different components, each of which will have its own NPV of the 

revenue loss. The sum of these cash flows or losses from all components caused by the 

total downtime due to replacements and repairs are then much greater than the revenue 

loss demonstrated for just the hydraulic hoses in this case study. The sensitivity analysis 

of the Net Present Value of the Cash Flows of the Revenue Loss for Brand A to various 

inputs is displayed on Figure 7.11. Given the similarity in the calculation procedure for 

Brand B, it is believed that the same sensitivity is reflected for that brand. The graph 

shows that the NPV of the Cash Flows of the Revenue Loss is extremely sensitive to 

variations in the haul truck availability (by extension, to the differences in reliabilities of 

equipment components) and very sensitive to the copper price. On the other hand, it is 

rather insensitive to variations in the discount rate and operating cost growth percentage 

perhaps due to the short time period being considered. The result validates the 

hypothesis that component brands with higher reliabilities will produce a lower NPV of the 

Cash Flows of the Revenue Loss and Component Expense Deficiency Ratios. The result 

also validates the models and methodology using the reliability differences between 

Brands A and B. The hose or component reliability is the core operational parameter that 

drives the Net Present Value of the Revenue Loss. The models and the methodology use 

this and the financial parameters to correctly arrive at the intended results supporting the 

objectives of this research. The high sensitivity of the NPV of the Cash Flows of the 

Revenue Loss to changes in component reliability underscores the importance of always 

applying this research methodology to the component brand selection process. 
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Figure 7.11 Sensitivity Analysis of NPV of Revenue Loss Brand A to Discount Rate, 
Copper Price, Operational Cost Growth and Availability 

 

The penalty for not doing so can be extremely detrimental to the cash flow and net present 

value of a mining operation. The next chapter will summarize the findings, discuss the 

validation of the research in achieving its objectives, and mentions its current limitations 

and next steps. 
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CHAPTER 8 

CONCLUSIONS AND FUTURE WORK 

8.1 Summary of Research Methodology and Objectives 

Many consumable supplies and equipment replacement parts currently consumed 

in the mining industry are simply considered to be commodities by most companies. 

Therefore, purchasing decisions for these items are often solely based on price. In most 

cases, mining companies do not have the means necessary to effectively evaluate the 

impact of such decisions because of the challenges associated with estimating 

component life, rates of premature component failure, the risk posed by the failure to the 

overall system or piece of equipment, and the total cost of that failure. Current reliability 

based algorithms deal primarily with understanding the characteristics of individual cost 

elements and integrating them together in order to produce the ultimate life cycle cost. 

For example, a typical equipment purchase consists of costs that are comprised of the 

capital, acquisition, mobilization, site transportation, commissioning, and local options. 

Parts, materials, and labor represent the costs associated with all the maintenance tasks 

required to keep the equipment operating at its design capacity and utilization. 

Unfortunately, these types of analyses are generally made after components have 

already been purchased, but ideally, these analyses should begin before the equipment 

is even delivered and well before any replacement components are purchased after the 

equipment is in operation. A review of global purchasing practices at underground and 

surface mines has shown that component replacement and purchase are usually based 

on price without considering the impact that different component reliabilities will have on 

a mining operation’s cash flow. Another aspect of this problem is the key challenge facing 

modern maintenance managers in selecting the most appropriate techniques to deal with 

each type of failure process to fulfill the operational expectations of equipment in the most 

cost-effective and consistent way. Reliability Centered Maintenance is a maintenance 

strategy that begins with a comprehensive review of the requirements of an equipment 

operating regime to define the actions that will minimize the scheduled and unscheduled 

downtime and the risk associated with a component’s failure. To circumvent the 

challenges associated with these purchasing decisions, the objectives of this research 
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were to (1) develop a protocol that will effectively evaluate the true economic impact of 

equipment components from different manufacturers relative to a mining operation’s cash 

flow, and (2) assess whether the utilization of Reliability Centered Maintenance (RCM) to 

analyze equipment availability is a superior way to quantify the economic impact over 

conventional techniques. The research methodology used in this analysis employed an 

analytical (deterministic) model and a Monte Carlo Simulation (stochastic) model that 

relies on the risk analysis software @Risk V 7.5 to produce the cash flows associated 

with the reliability of different components produced by various manufacturers. This 

analysis demonstrates that the differences between the Net Present Value of the relative 

revenue losses in both models are a direct consequence of differences between 

component reliabilities and equipment availabilities and the primary difference between 

the two models is related to the treatment of risk and uncertainty. The analytical model 

produces a point estimate of the Mean Time to Failure which, in the presence of possible 

outliers, is not a definite estimate and introduces uncertainty in the analysis. Based on 

that estimate, however, it becomes possible to calculate the availability, cash flows, and 

Net Present Value as deterministic, single values. Conversely, the stochastic model 

already treats the Mean Time to Failure and the main operational and financial 

assumptions as uncertain and represents them as probability distributions that are used 

by the simulation process to produce probability distributions for the availability, cash 

flows, and Net Present Value. It is important to note that the methodology structure shown 

in Figure 6.1 can be applied to components used in equipment involved in ore production, 

waste removal, and auxiliary operations. Moreover, it provides the systemic steps of the 

protocol that will effectively evaluate the economic impact different reliabilities of 

components from different manufacturers will have on a mining company’s cash flow. In 

addition, empirical observation indicates that if mining companies have this component 

reliability information, it does not seem to be used to make purchasing decisions. 

Purchasing agents continue to adhere to pricing as the main deciding factor between 

brands of components which does not produce the overall economic impact of a given 

component choice on the operations cash flow. However, this methodology indicates that 

the use of reliability data is a far superior method to decide on the purchasing of an 

equipment component when compared to conventional, price based methods. 
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8.2 Research Results from Application of a Case Study to the Methodology 

In order to validate the research protocol, a case study was developed using 

empiric data that compared the cost and failure characteristics of two hydraulic hose 

brands used in identical truck fleets at two different mine sites. It is important to note that 

revenue loss is unavoidable when consumables and equipment components are 

consumed or wear out and must be replaced. This is due to the inherent cost associated 

with purchase, acquisition, and storage of the replacement parts, the actual installation of 

the component/part into the piece of equipment, and the equipment that must be taken 

out of service while maintenance and repair activities occur. Moreover, it is very difficult 

to recover this lost potential revenue due to operating constraints and tight production 

schedules required by many operations but the mine operator can reduce this revenue 

loss by using the protocol created by this research, and compare the financial 

consequences to the operational cash flows when selecting one component brand over 

another in the purchasing process. The case study showed an 11% difference in hydraulic 

hose reliability from Brand A to Brand B that translates into an incremental Net Present 

Value of the Revenue Loss that is 10% greater for Brand B than for Brand A that 

represents an economic savings of approximately US$800,000. As this case study 

illustrates, the difference in acquisition costs between brands does not tell the operator 

which brand will produce the greater revenue loss, it only quantifies the difference in 

operating expense from one brand to another and assessing the reliability differences 

between these brands is a far superior way to evaluate the total potential loss to the 

operation. The key is to have a Component Management System as part of a Reliability 

Centered Maintenance Program that can generate these reliability KPIs for any 

component under consideration. The protocol developed in this thesis and utilized in this 

case study uses reliability KPIs to calculate the availability from different component 

brands for the hypothetical haul truck fleets. However, the calculation for other types of 

equipment is readily done by changing some of the productivity related parameters such 

as fleet composition, hourly production, operational equipment efficiency, and operating 

cost escalation. By using operational knowledge and probabilistic analysis software such 

as @Risk and the Reliability Centered Maintenance Program as basic requirements, 

these models can be readily setup and used at a very low cost. The models can also be 
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adjusted for use in any industry sector provided that the former three requirements are 

present and available. This analysis clearly shows that purchasing and mine managers 

should also take advantage of this strategy to make better equipment component 

sourcing decisions that are based on component reliability instead of differences in the 

retail price of a component from different manufacturers.  

 

8.3 Major Conclusions 

This research has shown that mining companies need to avoid the use of retail 

pricing or acquisition cost of mining equipment components as the primary deciding factor 

regarding component purchasing decisions. Price or acquisition cost does not allow the 

mining company to calculate which component brand will result in greater downtime and 

revenue loss. The research shows that the use of reliability data such as Mean Time to 

Failure and Mean Time to Repair are much better Key Performance Indicators (KPIs) 

than price alone and that they should be used when making a purchasing decision. This 

research also produced the protocol that can be used to calculate the Net Present Value 

of the Revenue Loss of any components under consideration. By applying this research 

protocol to a case study involving the application of hydraulic hoses used in haul truck 

fleets at two mine sites, it became clear that one component brand generated a significant 

reduction in the Net Present Value of the Revenue Loss, despite having an acquisition 

cost that was twice as high as the competing brand. The application of the case study to 

the methodology validates the two objectives of this research: (1) to develop a protocol 

that will effectively evaluate the true economic impact of equipment components from 

different manufacturers relative to a mining operation’s cash flow, and (2) to assess 

whether the utilization of Reliability KPIs is a superior way to quantify the economic impact 

of using equipment components with different reliabilities. Furthermore, point estimates 

of the Mean Time to Failures introduce uncertainty in the rest of the analysis because the 

effect of outliers on the MTTF is unknown or not easily determined as measurements 

cannot be easily repeated. In addition, other financial and operating parameters are also 

uncertain and for this reason, the ideal model recommended for use is the stochastic 

model based on Monte Carlo simulation. It can quickly and cost effectively quantify the 

probability that one component’s Mean Time to Failure and availability will be better than 
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the other, carrying that capability over to the calculation of the Net Present Value of the 

Revenue Loss. The Monte Carlo Model also produces more noticeable differences in the 

results than the Analytical Model. As a general conclusion, the greatest contribution of 

this research is the methodology produced which is a more effective alternative than 

conventional techniques to support operationally and financially effective equipment 

component purchasing decisions.  

  

8.4 Future Work 

The main limitation of this research is that it works only with operations that have 

or are willing to implement a Component Management System as part of a Reliability 

Centered Maintenance Program from which reliability KPIs can be readily produced. In 

addition, it requires the use of a stochastic software that represents all the uncertain 

operational and financial factors as probabilistic distributions to arrive at the estimates of 

the Net Present Value of the Revenue Losses. Given these constraints, the goals and 

objectives of the future research are: 

Goal 1: To conduct research that continues to investigate the sensitivity of Net Present 

Value of the Revenue Loss to Component Reliability in mining. This research will focus 

on the potential impact the reliability of different components on a piece of equipment 

would have on the Net Present Value of the Revenue Loss by focusing on how the 

reliability of a given component impacts the availability of a piece of equipment. This 

research goal will also indicate how the protocol will have to change to adapt to a different 

component and piece of equipment being evaluated. 

Goal 2: Create a Reliability Based Component Management System protocol that can 

integrate individual components into an overall system, where inter-related relationships 

between the components can be made to optimize the system. The current protocol 

evaluates a single component impact on the Net Present Value of the Revenue Loss 

however, it needs to consider the impact of a group of different and interdependent 

components comprising a single piece of equipment or system (Figure 1.6). After arriving 

at this result, the protocol then will address the integration of all the pieces of equipment 

on a certain fleet (e.g. haul trucks) to arrive at the contribution of that fleet to the Revenue 
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Loss. The analysis will then be repeated for the other fleets in the mining production chain 

to arrive at the total impact on the Revenue Loss for the entire mine production system.  

Goal 3: Establish the Return on Investment for implementing a mine wide Component 

Management System as part of a Reliability Centered Maintenance Program for all pieces 

of mining equipment or system. This analysis will compare the Return on investment from 

reduction of downtime between the Reliability Centered Maintenance program, where 

component replacement (scheduled downtime) is dictated by the reliability of 

components, with that of a Time-Based Maintenance Program where component 

replacement is related to original equipment manufacturer predefined time periods for 

replacements of components (scheduled downtime). Unscheduled downtime, due to 

equipment breakdowns, is also evaluated under the context of Reliability and Time-Based 

Maintenance by carrying out a failure analysis that will identify the causes of failure, the 

risk or criticality of the failure and the associated time required for repair for the Reliability 

Centered and Time-Based Maintenance Programs. 

Goal 4: Devise a mine wide software tool that comprehensively integrates, from a 

reliability standpoint, all systems in a mining operation from maintenance to warehousing 

to production. Investigate how the software tool will take inputs from the Component 

Management Program and will optimize component inventory levels to keep the operation 

working at peak efficiency with minimum interruption because of component supply 

logistics. It should also provide subsidies for better maintenance planning due to the 

better understanding of the maintenance tasks that need to be performed when a given 

piece of equipment comes in for scheduled maintenance. In addition, the tool should also 

provide information critical for better production planning based on optimum, known levels 

of equipment availability. Finally, with the focus on reliability and a view of the overall fleet 

availabilities and equipment life cycle, the tool should help the mining operator better plan 

equipment replacement or refurbish capital expenditures.  
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