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ABSTRACT 

 

Large opencast coal mines require a complex infrastructure to fulfill production demand 

and quality values. The distinct specifications required by each customer are achieved by 

blending adjustments. There is limited control in variability. With only partial 

information available, operation controllers blend coal by empirical approximation, 

trying to keep quality between acceptable ranges in order to avoid penalizations, 

shipment rejections or even contract suspensions. When a decision support system (DSS) 

centralized in a control room is used for blending control, crew operators visualize 

enhanced displays of the different sources of information, obtaining a holistic perspective 

of operations. Using a simulator to reproduce the blending sequence, crew operators can 

experiment with diverse what-if scenarios and develop blending strategies for an entire 

working shift, in which they also incorporate their own expertise and the knowledge 

obtained after interpreting the simulation results. 

The research focuses on the empirical analysis of the effectiveness of the DSS by 

studying the performance of crew users in different operating scenarios produced with a 

simulator. The development of a methodology for measuring this effectiveness and its 

impact in the quantification of controlling the variability of blending represents a 

significant contribution in the area of quality improvement for coal production. 



13 

 

 

 

The effectiveness of the DSS for controlling the blending and load out processes has been 

numerically measured after experimenting diverse simulated scenarios, proving that the 

difference between estimated and actual quality delivered is narrower when using a DSS, 

in comparison with the BTU variability obtained from historical data. The strategies that 

produced better results in terms of control of coal quality variability, maximization of 

infrastructure utilization, time spent in making decisions and the minimization of risk for 

penalizations and rejections, were scored proportionally to the benefits obtained. 
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CHAPTER 1. INTRODUCTION 

 

Mining operations in the 21st century are facing new challenges. Like other industries, 

they have to achieve environmental and fiscal sustainability, increase the safety of 

workers, and improve the availability and utilization of costly production equipment, 

while engaging in aggressive price negotiations on commodity markets. In recent years, 

information technology has entered into operations to facilitate the centralization and 

integration of systematically collected data and provide a holistic perspective of 

production and quality processes to operation controllers (CSC, 2010). As a result, 

multiple display platforms are strategically built for remote based supervision, and a 

Decision Support System (DSS) is implemented to expand the elements of judgment 

required by operators in order to minimize variability of production and quality of the 

material delivered. Numerically testing the effectiveness of a DSS, specifically designed 

for gaining insight into coal blending, will provide a sound foundation for justifying the 

inclusion of technologies in the optimization of large-scale operations, with an 

understanding of the impact in the changes that affect users and processes. 

1.1 Problem Statement 

Coal is a natural resource that has a commodity price according to the amount of caloric 

capacity, measured in British Thermal Units (BTU). The presence of ash, sulfur, sodium, 

and certain physical properties such as moisture can also reduce the caloric capacity of 

coal (Hatt, 2007) or ability of pollution controls to mitigate impact, thereby impacting 
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final market price. Large scale surface mines are those operations that can produce 

hundreds of millions of tons of coal per year (EIA, 2009). These mines require diverse 

infrastructure components, technologies and practices to assure a continuous flow of 

material in order to attend the demand of several incoming trains on a daily basis. Each 

one of these trains is loaded with coal of a quality according to sales contracts. Every 

contract specifies which ranges of quality are acceptable, so when assay results provide 

values that are out of the range, the shipment could be rejected and after several 

rejections, a contract might be suspended. 

At the research mine site, coal quality from pits is estimated using linear regression of the 

quality delivered in the last 100 trains, based on the final assay values. A particular blend 

is calculated after performing a truck distribution using the fleet management system 

(FMS), by changing the settings of crushers, gates and conveyors, adjusting the loading 

rates of shovels, or by approximating the proportions of the existing coal stored in 

temporary facilities. The official values of coal quality can only be completed from 

laboratory assays after a train has been completely loaded and left the site. These 

conditions leave limited options for the operator to decide the adequate sequence of 

actions that will produce the closest blending values required to comply with the quality 

demanded by the next arriving train’s required specifications. 

During the evolution of automation and communications infrastructure, some of the 

individual mining tasks required remote monitoring (Baiden et al. 1993). Today, by 

implementing control rooms as operational platforms, other aspects of production, such 
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as mine planning follow up, blending control and FMSs are included in the improvement 

of processes (Dessureault, Scoble and Dunbar, 2001). These collaborative environments 

are designed for managing and monitoring daily operations, providing supervisors a 

holistic view of operations (CSC, 2010), in order to follow the status of critical steps of 

the production process, and adjust operating parameters when required. A major 

requirement in the research mine was the development of a DSS for the purpose of 

gaining control over coal blending values delivered to trains, while maximizing profit, 

reducing infrastructure underutilization and minimizing the risk of rejections and 

suspensions. As it is happening that DSSs assume such strategic importance in the 

organizations, and since the DSS budget has reached a significant level that must be 

justified, they are now considered an investment from which specific, tangible returns are 

to be expected (Udo, 1992). One of the challenges of the present research is 

demonstrating whether the implementation of such a DSS can be numerically validated 

for justifying investment in the requisite technology. There is an inherent recognition that 

improved information consistency and discipline in decision making improves 

management effectiveness (Harrington, 1983). Most mining companies will rely on the 

benefits obtained as a justification of the investment in technology (Dekleva, 2005). 

In the process of evaluating a DSS, procedural changes occur, becoming additional 

dimensions for the DSS evaluation.  Part of the DSS’s success depends on its capacity to 

bring those changes, “because users want and expect the DSS to do so.” (Barki and Huff, 

1985). The success of a DSS must consider the changes made by the DSS in the working 

environment, the attitude of users towards the implementation of a DSS, and four 
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measures of DSS success: Satisfaction, Realization of Expectations, Extent of Changes 

caused by using the DSS, and Attitude towards change (Barki and Huff, 1985).   

1.2 Dissertation Overview 

In the initial stages of technology implementation at the mine sites, prior to the advent of 

computers, supervision of the production process was performed by personnel 

responsible for individual operation segments, with limited awareness of the current 

status of other components and actors off the process. In recent years, enhanced 

communications and high performance computer systems are helping to alleviate much 

of the team’s workload; however, isolated or insufficiently coordinated efforts tend to 

produce losses in the production process and uncontrolled variability of quality in 

blending. When upgrades and modifications are applied into the existing infrastructure, 

the new added systems are also controlled and monitored. As a consequence, the data 

generation goes from too little to too much. As systems become more complex, 

components must interact beyond linear or sequential ways, and may tend to act in 

unexpected ways (Perrow, 1986). By following the Data-into-Action approach (Benito 

and Dessureault, 2008) the data collected by these systems could be used for making 

strategic decisions to improve the overall performance of the production-to-blending 

processes. Centralizing the data flow and transforming it first into information and 

secondly into knowledge that can be utilized in control rooms for decision making 

becomes a necessary development for the seamless interaction of these components. 
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Control rooms describe a type of infrastructure housing in where mining operations are 

suitable to be managed remotely (CSC, 2010). In the past, only some activities related to 

mining operations were suitable to be managed or monitored by the assistance of a 

control room. Typical examples are concentrator plants, surveillance and power housings. 

In all these cases, remote supervision and observation of operation stability were the main 

reason to build a control room. Today, control rooms in mine sites are better described as 

collaborative environments for enhanced visualization of operations, with analysis 

capabilities and better reaction to tactical production issues (CSC, 2010). There are two 

common features found in control rooms: the people operating them are remote from the 

process that they are monitoring and controlling and the operations work 24/7 (Stanton et 

al. 2010). Activities such as closed-circuit supervision and telemining, as well as the 

monitoring of autonomous operations can also be performed from a control room 

(Tenorio and Dessureault, 2011).  

The implementation of a DSS in a control room is becoming an innovative practice 

suggested to assist decision makers gaining a superior level of holistic control over the 

mine process (CSC, 2010). The main goal is to produce an ideal coal blend, while 

ultimately minimizing costs and exploiting opportunities for higher revenue. Crew 

operators would be able to apply their field experience away from the risk of field work. 

1.3 Significance of the study 

This research is of significance to the domain of business process improvement for large-

scale mining operations, as it extends the knowledge base that currently exists in that 
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field by the application of solutions based on information technology. The concept of 

implementing a DSS and measuring its effectiveness is relatively new to mining-related 

topics (Spyropoulos et al. 2010), and is limited to automating coal blending processes for 

variability control (Woodward et al. 2004). The mining companies who are choosing to 

embrace the concept and are open for implementing the technology are welcoming the 

operational and strategic benefits it has to offer. Therefore, research which explores the 

advantages of such technology will help to raise awareness among those mining 

companies who are unacquainted with its potential applications and benefits within other 

types of mining and their production processes. To illustrate the potential of a DSS in 

large-scale operations, the research investigated several large-scale mine operations 

currently using diverse information technology solutions based on the Data into Action 

Research Project (DARP) (Benito and Dessureault, 2008). The findings which have 

resulted from these case studies have the capacity to impact upon the new methodology 

proposed by which the measurement of the effectiveness of a DSS for coal blending is 

currently undertaken in large-scale operations. This study has been of significance to one 

of the largest coal mines in the United States who partnered in the research to develop an 

integral solution for gaining control over blending after visualizing the setting up process 

and application possibilities of data warehouses and business analysis of their existing 

databases. In 2009, the study resulted in the formation of the Mine Intelligence Research 

Group which allowed the expansion of the data warehouse and OLAP cubes, that were 

the fundamental building blocks of the blending control solution and their integration in a 

control room was specially designed for this purpose. The control room, which is fully 
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operational, was built as an experimental collaborative platform where all designed 

modules could be tested, using extracts from actual databases containing real-time data. 

Process mapping of all blending-related activities was performed in order to identify the 

information sources, actors and procedures involved. An ARENA-based simulator was 

included as a research tool, in order to produce what-if scenarios for further analysis of 

operational challenges. Members of the partnering company, the research group and the 

programming support team contributed with ideas and responded to questions and 

suggestions, helping to develop new ideas concerning the building, maintenance and 

integration the blending control approach. The interest among mining companies is 

evident from the rapid growth of visits and requests for starting projects based on the 

creation of data warehouses, and the consequential business analysis requirements that 

result after these database solutions were implemented. Having justified its significance 

to the sponsoring mining companies, the control room and the resulting findings for coal 

blending control can be a platform for expanding the general knowledge base for further 

research into the area of mine process improvement using advanced information 

technology tools. 

1.4 Research Focus 

The research focus of this dissertation is the development of a methodology for 

measuring the effectiveness of a DSS designed for gaining control of the blending 

process in a large-scale coal mine, by reducing the risk of shipment rejections and 
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contract suspensions, minimizing the infrastructure underutilization and maximizing the 

profit in terms of controlling the BTU variance. 

The goal is to use such an approach to develop an effective means of proving how the 

decisions made by crew operators are influenced by the information that they have 

available during the load out, and how these decisions contribute in helping to reduce the 

variability of the quality of delivered coal that each train demands. Human factors and the 

general design of the DSS, as well as the perception of the user are also required to be 

included in the research. 

The proposed Controlled Blending Operations Center (CBOC) will utilize an ARENA-

based simulation to reproduce operating scenarios which will help operators analyze the 

impact of setting changes and compare them with historical records from the fleet 

management system operators and the production and quality results. The control room 

may need to incorporate real-time information from other mine-related disciplines to be 

an adequate holistic platform for decision-making. The environment where the mine 

controller interacts with displays and control devices linked to the existing aspects of the 

production process must be comprehensive, yet simple enough to allow quick diagnosis 

and optimal response to production issues. 

1.5 Relevance to the Field 

The blending process in a large-scale coal mine has several information elements that 

have to be known by crew operators prior to make any adjustment in the infrastructure 
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settings. The information helps the operator to understand the problem and act based in 

his/her experience. The impact of these settings will affect the resulting coal quality to be 

delivered. With the implementation of a DSS in a control room, information is displayed 

in a convenient way so that operators a have clear understanding of the impact of their 

decisions (Lee and Seong, 2007). Remote visualization, real-time statuses of diverse 

production components, their own previous field experience and the effect of the 

adjustments they perform add elements of judgment in their decisions. The design of a 

user-centered system that integrates data sources and provides a holistic visualization of 

the production process is an innovative approach for controlled blending. The numerical 

measurement of its effectiveness will become a unique contribution in the area.  

1.6 Barriers and Issues 

There is however a question whether the decisions that these users make are the most 

effective. It is not enough to measure a DSS by the frequency of its utilization (Udo, 

1995). There are several methodologies utilized in general DSS design that can be 

applied to measure the effectiveness of the decisions. Some of these measurements are 

subjective, as they could be based on perceptions or the level of acceptance of the 

technology, whereas others are more objective, following a rigorous statistical 

calculation. The existing literature related to computer technology applied in coal 

blending combines real-time analyzers combined with automatic coal blending software 

(Woodward et al. 2004). A factor that has always been present in the implementation of a 

DSS is the reluctance to change of the operators (Burstein and Holsapple, 2008). 
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Continuous processes like coal production and shipping have established diverse 

procedures that rarely change along the years (DOE, 2006). Variations in the process are 

controlled by practical procedures, and rely on the experience of operators. Even with the 

lack of key information, the results of blending are considered acceptable for the existing 

practices. Introducing a technology that in a way is replacing their earned knowledge 

base and that may be capable of reaching or overcoming their performance will represent 

a menace for their jobs. In addition, some new technologies are difficult to learn for many 

mine workers. Only an implementation strategy that includes intensive education, simple 

interfaces, responses that are consistent with their knowledge and capabilities, and a 

friendly working environment will be appealing for a better cooperation from the field 

operators.  

All these issues will affect the actual measurement of effectiveness, and must be included 

as part of the results analysis.  

1.7 Elements Investigated 

The research starts with the description of the principles for systems integration, the 

building of the infrastructure, and the changes that are required in existing processes to 

incorporate a control room. Several fundamentals in control room design are based on the 

ISO standards and best practices considering human factors and ergonomics, concepts 

that have matured in the past two decades. The different types of control rooms found in 

the mining industry are also included. 
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The identification and ultimate design of the DSS components was the result of mapping 

the critical areas and identifying the functional decisions that impact the blending 

process. 

The research process covers the testing methodologies for measuring the effectiveness of 

a DSS. It starts with the existing procedures for the evaluation of control rooms, from the 

design, functionality, and human factors/ergonomics perspectives. Moving forward to a 

more specific approach, methodologies for DSS effectiveness were also investigated in 

order to select which are the most adequate tests for the present research. 

1.8 Definition of Terms 

 Blending: The process of combining coal of different qualities and level of 

impurities to produce a quality that falls within a range of values. 

 BTU: British thermal units, is a measurement of caloric capacity of coal (Hart, 

2007). 

 Data Warehouse (DW). A database that integrates data previously characterized 

from different sources and formats, which is used for reporting and analysis. 

 Effectiveness: Is the degree to which goals are achieved. Effectiveness is 

therefore concerned with the results or the outputs of a system. (Turban and 

Aronson, 1998) 
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 Key Performance Indicator (KPI): A measurement of performance, used to 

evaluate the degree of success of an activity or the level of achievement of 

operational goals. 

 Loadout: Is a facility which is used to load coal for transportation and is not 

included under the definition of a coal preparation plant (WVDEP, 1995). 

 OLAP: Online Analytical Processing is a reporting and analysis environment 

assembled by the integration of fact and dimension tables. 

 Operator Competencies: Refers to the ability of the operator to regularly 

undertake responsibilities and to perform activities according to a regular standard 

(Stanton et al. 2010)  

1.9 Dissertation Outline 

This dissertation is organized into five primary chapters following this introduction. 

Chapter 2 details the theory behind control room design and the considerations for mine 

operations, demonstrating how the supervision and remote monitoring are compared with 

the possibilities of utilizing a DSS. This chapter concludes with a proposed modified 

model for measuring the effectiveness of a DSS in large-scale coal mines. 

Chapter 3 details the case study of the proposed effectiveness measurement model. 

Operation areas and actors are identified, as well as the command and control domains 

bound by the physical constraints of the existing infrastructure and the procedures 

utilized for solving the blending outcomes. This chapter further illustrates how process 

mapping becomes the foundation for a materials handling capabilities tool, which 
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reproduces actual and what-if operations using simulation. In addition to the importance 

of establishing organizational constraints, the selection of data sources from operations 

and their integration into a DW are also described. The measurable KPIs in the simulated 

performance early in the analysis, human factors and the acceptance of change in the 

operators are also discussed. It concludes with the existing sources of information that 

will populate the data tables for the simulation process. 

Chapter 4 describes process mapping and the decision structures created to provide 

elements of judgment for the crew operators during typical operating conditions. The 

design principles and the components of a proposed DSS prototype to be built into the 

CBOC and the required data display sources for decision-making are also included. 

Chapter 5 describes the simulation used to test the choices made by selected crew 

operators, the results obtained and the characteristics of the what-if scenarios considered. 

It also demonstrates the effectiveness of the adaptation through a comparison of the 

scores achieved by operators. 

Finally, Chapter 6 presents conclusions and recommendations for future research and its 

application in large-scale operations.  
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CHAPTER 2. LITERATURE REVIEW 

A key aspect to DSS is the flow and transformation/generation of information along work 

processes and its integration for key operational decisions. Past and current research of 

control room designs applied in diverse industries and services is presented, as it 

contributes to identify which of their components can be adapted to mining, such as 

standards of ergonomics and design of displays for decision support. The various 

analytical models that led to the development of the proposed Information and Decision 

Model and how they fit into the Data into Action concept (see Appendix A) are also 

discussed. Tele-operation, virtual reality and automation will be referred as parallel 

efforts for adopting new technologies in surface mining. 

2.1 DSS Applied into Mine Operations 

The benefits of a DSS can be derived by increasing throughput while reducing quality 

variability. The Mining Business Unit (Penswick and Gilliland, 2001) describes all 

processes of a mine operation and how these processes are interrelated. After identifying 

the source of operational information, a DSS can be incorporated in model. With the 

addition of a Simulator, diverse scenarios can be tested. All sources of information will 

be integrated for the effective control of blending quality (Figure 2.1). 
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Figure 2.1 DSS for a Coal Business Unit (after Penswick and Gilliland, 2001) 

 

The proposed DSS uses the data generated from a simulator, and compares the results of 

a simulation session against simulated and actual runs. The goal is to present strategic 

information in a simplified way, clear enough to make a decision whenever is needed. 

It is expected that, in a coal production environment such as the one described here, the 

variance in the quality of the resulting product that is attributable to human-induced 

delays or variations on machine performance can be better detected and controlled with 

the implementation of a DSS. The integration of a DSS represents a new variable that 

may also increase overall productivity. Enhanced communication networks provide 

abundant data from sensors and devices installed on the production equipment. However, 

an approach for synthesizing this high volume of data into actionable information, while 
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also establishing business practices for making use of such information, has yet to be 

fully developed and disseminated throughout the industry. 

2.2 Limiting Scope 

An analysis for the reduction of long-term costs (Ivergård, 1989), the possibility of 

reducing personnel, the increase of production or the improvement of quality will 

represent sound reasons to invest in instrumentation and supervision technology. Modern 

trucks and shovels are equipped with computer components that collect data for every 

action taken during a work cycle. This includes starts, stops, time lost in queues, 

breakdowns, speeds, and tons moved, among other measures. A DSS incorporated to the 

existing system will measure the users’ decisions and expertise for accomplishing the 

blending objectives using new tables within an existing commercially supported DW. An 

understanding of the whole operational process is required prior to implement a DSS 

solution. Such a solution would include a common area where all the actors involved in 

the production processes are able to visualize a panoramic representation using 

specialized visualizations of the process workflow and their components (also known as 

“mimics”) with their change of status updated in real-time. Each actor should know the 

scope of their roles and their impact on the other parts of the control system. Actors that 

are decision makers will use the real-time information, taking decisions regarding settings 

to be adjusted in case of variation of the continuity of operations. A combination of 

technologies such as PCs, large screens for comprehensive multimedia displays, 
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interaction with data collectors and computer-based models (Sprague, 1982) will help end 

users to understand problems and take decisions.  

2.3 Supporting Concepts 

In this section several concepts that are related to management and decision making are 

explored, as well as technologies associated with the implementation of control centers.  

2.3.1 Systems Integration in Mining 

Past research in systems integration in mining was focused largely in the implementation 

of communications systems, local area networks, and the introduction of continuous data 

acquisition systems. Other types of integration have seen implementation on a different 

facet of the mining business, at the enterprise level, with the widespread use of Enterprise 

Resource Planning (ERP) software. However, operations management, the tight 

coordination between processes within the mine system, has not been studied and 

published. The only exception is front-line management research undertaken by the now 

defunct United State Bureau of Mines “Human Engineering and Human Resources 

Management in Mining” (USBM, 1987). 

Studies conducted regarding data transfer, computer usage, and software standardization 

(Schumacher and Seeliger, 1998), show evidence of early attempts to solve the problem 

of ‘information islands’ that occur in mine operations. As mine size and complexity 

increases, mining systems required a holistic management perspective, one that includes 

technical, economic, environmental and social impacts (Scoble and Daneshmend, 1999). 
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Mueller (2001) proposed ideas for developing an integrated, completely web-based, 

multi-media capable control system. Under this premise, technology must be applied in 

an effective way (Scoble and Daneshmend, 1999), assessing the network bandwidth and 

communications infrastructure required. Significant work has also been executed to add 

value to new information and technology by linking data manipulation, analysis and 

management tools in surface mines (Dessureault, Scoble and Dunbar, 2001). The Data 

into Action Research Project (DARP) (Benito and Dessureault, 2008) focuses largely on 

increasing mine control through DW, Data Mining, and Workflow Redesign. 

2.3.2 Modern Mine Control Rooms 

The development of control rooms for mining operations makes use of the advantages of 

computer technology and the need of providing safety to human workers. Modern mines, 

either surface or underground, can be controlled from above-ground computerized rooms 

using closed circuit television for surveillance of autonomous and teleoperated 

equipment, while communications and data of diverse sources can be combined and 

transmitted via broadband networks. User-Centered Systems Design considers the 

integration of human factors and ergonomics for the design of control rooms as an overall 

system to be optimized (Nimmo, 2011). With the utilization of modern display 

infrastructure, critical information that reflects operation conditions can be displayed in 

real-time. Using the technological platform available, DSS can be built, providing a 

strategy tool for operators. 

2.3.3 Knowledge-based Systems 
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Knowledge-Based Systems (KBS) are applications developed to provide knowledge for 

supporting human decision-making. This knowledge is obtained from experts in specific 

domain areas with several years of accumulated experience (De Kock, 2003). Rules of 

‘learning’ and validation are introduced in the design of the system outputs and 

interfaces, in order to provide to human adequate quality information for decision 

making. The delivery of a KBS in an organization requires matching the functional 

requirements, verify the validity of the information produced, assess the cultural impact 

in the workplace, and the adaptation process of managers and operators. Knowledge 

Management is defined by Folorunso and Ogunde (2005) as “a systematic process of 

finding, selecting, organizing, distilling and presenting knowledge in a way that improves 

the organization’s interest.” Craven (2005) defines Knowledge Management as the 

evolution of management from data-centric and information-centric concepts, into a more 

elaborate process in where data is translated into purposeful meanings. Rule-based 

knowledge systems for intelligent dispatching are discussed by Trappey et al. (2007), and 

become a valid framework for integrated knowledge-based projects. 

2.3.4 Decision Support Systems 

Decision Support Systems (DSSs) are identified in the literature as tactical decision tools 

with graphical display capabilities, based on naturalistic processes (Morrison et al. 1997). 

They are designed to integrate and organize data and present it in a simplified way, clear 

enough to make a decision whenever is needed. Some of the characteristics and 

capabilities of a generic DSS (Turban and Aronson, 1998) are: 
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 Semi-structured decisions; 

 Designed for managers at different levels; 

 Designed for groups and individuals; 

 Interdependent or sequential decisions; 

 Support intelligent, design choice; 

 Support a variety of decision styles and processes; 

 Adaptability and flexibility; 

 Ease of use; 

 Effectiveness, not efficiency; 

 Human control over machines; 

 Evolutionary usage; 

 Ease of construction; 

 Modeling; 

 Knowledge. 

DSSs can also be classified by types of systems (Lewandowskyi et al. 1987). Some of the 

most relevant types are: 

 Simple managerial support systems: such as modern databases, electronic 

spreadsheet systems, etc.  

 Expert systems and Knowledge Management systems: whose main functions are 

helping to recognize a pattern of situational decisions; more advanced systems of 

this type might involve considerable use of artificial intelligence techniques. 
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 Alternative evaluation and generation systems: whose main functions are focused 

on the processes of choice among various decision alternatives either specified a 

priori or generated with help of the system, including issues of planning, of 

collective decision processes and issues of negotiations between many decision 

makers; more advanced systems of this type might involve a considerable use of 

mathematical programming techniques, such as optimization, game theory, 

decision theory, dynamic systems theory, etc. 

For Sprague (1982), a DSS is a “revolutionary advancement” first from the traditional 

Electronic Data Processing systems, where processing transactions can be done in a more 

efficient way by taking advantage of increased capacity and speed of computers, 

communications and networked operating systems. Second, the development of 

Management Information Systems (MIS), which are focused on integration and planning, 

bringing flexibility and adaptability, thus providing elements of judgment to decision 

makers. The concept of a DSS brings over all these advantages and the capability of 

“improving the performance of knowledge workers,” by the development of interactive 

decision models (Sprague, 1982). 

However, DSSs for mining operations may have variations in its definition. Bascetin 

(2003) proposed comprehensive DSSs for optimal selection of equipment for Open Pit 

Mining, based on a methodology called “Analytical Hierarchy Process” (AHP) – not a 

real-time system – which structures the decision problem in levels: criteria, sub-criteria 

and alternatives. Qualitative and quantitative factors are used in the selection. Decision 
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makers need to evaluate the factors in a complex structure for choosing the optimal 

alternative, based on a scoring given to their attributes, or on a classification of 

alternatives, using Case-based Reasoning. A distributed DSS for Strategic Planning 

(Pinson, Louçâ and Moraitis, 1997) introduces the concepts of cooperative and 

distributed systems, and integrates distributed decision making and distributed artificial 

intelligence. Users become human agents, and strategic knowledge and domain 

knowledge is distributed using different agents through blackboards and other internal 

messenger tools. 

2.3.5 Real-Time Control Systems 

The transformation of traditional monitoring methods to a real-time integrated 

multimedia system can be found in a model proposed by Mueller (2001). By combining 

the existing communications network infrastructure with video and other real-time data 

collection applications, a ‘MultiMedia Control’ (MMC) system is established (Figure 

2.2). In this prototype, massive amounts of data are transmitted from monitoring sensors 

and cameras. Equipment would interact on a client/server fashion with the commanding 

software. In the model proposed by Mueller, real-time (RT) applications are plugged 

through interfacing hardware, using TPC/IP and Application Program Interfaces (APIs) 

throughout the network with individual modules installed per task. 
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Figure 2.2 MultiMedia Control system components (Mueller, 2001) 

 

2.3.6 Revolutionary Command and Control Systems 

The design of a new DSS can involve the use of pre-existing interfaces that were not 

originally designed from a human-centered perspective and may require improvement 

(Cummings, 2004). As examples, nuclear power plant control rooms or petrochemical 

plants with overly complex control rooms, high level military command and control DSS, 

and displays for unmanned air vehicles are cited. The interfaces have to be designed to 

show diverse data in a simplified style in order to be clear for everyone. Most of the time 

users require real-time information to take critical decisions. However the design of 

systems is done from a technological perspective, instead of being done from a “socio-

technological” perspective (Cummings, 2004). As a result, displays being produced are 
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confusing and data is represented densely. In these cases, cognitive and decision-making 

human factors were neglected from the design of interfaces (Cummings, 2004). 

The design of a DSS in a “revolutionary domain,” uses effective human-centered 

approaches. A revolutionary domain is defined as a new set of users, artifacts, and the 

relationships between them, which were nonexistent before having been combined 

(Cummings, 2004). Such design integrates existing relevant system information and 

presents it in a new format. 

 

2.4 Integration of Supervisory Control Systems 

The complexity of integrated systems demands a level of supervision that may fall 

beyond the capacity of attention of a single individual. Collaborative environments such 

as the ‘Remote Operating Centers’ (ROCs) are designed to assist supervisors in making 

strategic decisions based on improved business processes (CSC, 2010). By centralizing 

supervision into a control room and integrating control systems, many aspects of the 

process can be monitored and controlled, and adjustments can control the variability of 

the process. There are four fundamental reasons for implementing a Control Room 

monitoring system (Perrow, 1986): 

 Control. - Production processes must comply with specific contractual 

requirements. 
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 Coordination. - Several units operating at the same time executing different tasks 

and use a common infrastructure, minimizing the possible queues or process jams. 

 Monitoring. - Human supervision is essential for keeping operations running and 

detecting any possible source of error or malfunction. 

 Communication. - Crew operators working in separate environments exchange 

information, if any, in a limited way. Getting them all in the same room 

encourages the synergy for a prompt corrective action, produced by the immediate 

exchange of experiences. 

2.5 Planning and Designing an Operations Center 

One of the main aspects of the present research work involves building an operations 

center, with a DSS that helps control the coal blending. The design must seek the 

optimization of human operations including assessment of current status, responses, 

available equipment, infrastructure conditions and operational environment (ASRA, 

2007). Command, control and communications are essential factors for organized work, 

where the quantity of information available is always increasing with the implementation 

of new technologies in the production process. Operators will be attending several 

assignments simultaneously. The working environment has to be designed with 

ergonomics and an acceptable level of comfort. 

In the User-Centered design of Supervisory Control Systems proposed by David (2001), 

one of the main aspects of this design is finding simplicity, compatibility, completeness 

and control in the interface, while complying with all the users’ requirements specified 
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prior to assembly. The following components can be identified in the interface, as shown 

in Figure 2.3: 

 “Horseless carriage displays” (imitating the video image of an existing electro-

mechanical display); 

 Visual displays; 

 Images (to provide “functional reality” as opposed to “virtual reality”); 

 Text; 

 Color; 

 Icons; 

 Warning signs; 

 Visual Alarms; 

 Auditory displays; 

 Controls (keyboard, mouse, trackball, joystick, pushbuttons, touchscreens, voice); 

 Display/control stereotypes. 

 

For the physical design of new or enhanced operational facilities, Cullen (2007) focuses 

on three main aspects: the workplace building, the workstation design and layout, and 

control systems including alarms. Design specifications and standards for Control Rooms 

can also be found at ISO 11064-7 (2006). 
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Figure 2.3 User-Centered Supervisory Control System 

 

Green and Collier (2001) review the importance of incorporating Human Factors in the 

design of new control room solutions. Human-centered designs need to be integrated into 

the function-orientated design approach (Nimmo, 2011). These shall include basic 

physical capabilities or limitations, and emphasize in unique cognitive strengths of 

humans, such as perceptual ability, problem solving and decision making. Tewel (2008) 

gives the path for introducing ergonomics in the control rooms, including workstation 

dimensions, operator considerations and recommendations for the surrounding 

environment (Figure 2.4). 

 



41 

 

 

 

 

Figure 2.4 “Idealized” path for systematic introduction of ergonomics (Tewel, 2008) 

 

2.6 Expected Benefits of Implementing Decision Support Technologies 

As an approach to measure the impact of implementing a DSS in a control room, some of 

the essential benefits that are expected to occur can be identified. The following is a list 

applied during the deployment of a control room upgrade in a diamond mine expansion, 

and should be a guide for similar operations (SA Instrumentation & Control, 2006): 

 Personal safety; 

 Process efficiency; 

 Productivity; 
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 Product quality; 

 Process availability; 

 Throughput; 

 Information availability; 

 Product security; 

 Plant maintainability; 

 Reduction of environmental harm; 

 Prevention of damage to equipment; 

 Minimization of working and capital cost. 

2.7 Performance Objectives of a DSS 

In the process of implementing a DSS to solve a critical operational problem, it is 

common to see how the mere existence of DSS induces improvement in management 

effectiveness (Harrington, 1983). In the development of the information needs, and the 

requirements of future users, some of the objectives include having consistency in the use 

of information, discipline in decision making, and the integration of decisions to achieve 

the proposed goals of the DSS. 

2.8 Technologies incorporated into Coal Blending 

Woodward et al. (2004) discusses the monitoring of production for automated coal 

blending. Combining a real-time upstream analyzer for controlling the quality of material 

being loaded into each unit train with a loadout analyzer and COBOS, a software 
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specially designed for automatic coal blending, up to eight customers per month can be 

serviced (Figure 2.5). 

 

Figure 2.5 COBOS software for blending proportions (Woodward et al. 2004) 

 

2.9 Evolution of DSS Assessment 

Udo (1992) identifies eight widely accepted effectiveness measures for DSS: decision 

quality, competitive edge, improved communications, reduction of production costs, 

increased productivity, time savings, overall satisfaction and overall cost effectiveness. 

Rigorous methodologies, such as Evaluation Research (Evans and Riha, 1989) contribute 

to an understanding of the value of realistic information provided by the DSS, as opposed 

to subjective information or its perceived value. The steps provided in this method - 

identifying the points to be evaluated, defining the evaluation criteria, collecting 

performance data and analyzing results - sketch a clear roadmap for any further 

evaluation related to DSS utilization. Proposed evaluation tools, such as the measurement 

of performance variables and the formation of control decision groups, suggest the 

possibility of numerically measuring decision outcomes, which are considered dependent 
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variables. Udo (1992) found that system usage, a traditional way of measuring the 

benefits of a DSS, is related to only one of the eight identified measurements of 

effectiveness (competitive edge). Table 2 shows the previous studies made for measuring 

effectiveness by system usage and user satisfaction, which are considered the easiest 

measures.  

Bahill and Bharathan (1995) analyze the changes of DSS testing techniques, from user 

scoring based on decision outputs from selected test cases, to comparing the variability of 

results per user. Sailors et al. (1996) suggest designing test cases to evaluate each DSS 

module, prior to verifying its appropriate structural and functional performance. One 

drawback is that the building of logic tables and development of test cases require too 

much revision and debugging by human developers. De Kock (2003) recommends the 

definition of specific measures to prove the value of the information provided by a DSS 

prototype under testing. Productivity, process, perception, and product measures are used 

as evaluation models. Not only is the impact of decisions measured, but also the impact 

on decision-makers. Williams et al. (2004) experimented in the effect of DSS use on the 

decision maker’s error patterns and decision quality, using AHP, finding that the Expert 

Choice (EC) implementation did not provide sufficient support for improving decision 

quality. Instead, they found that logical errors by information overload and accidental 

effects of mechanical errors diminish the quality of decisions. Lamy et al. (2010), provide 

guidelines for choosing testing methods for DSS evaluation, shifting from static to 

dynamic methods, and classifying errors and inconsistencies in the DSS for each one of 

the development stages. These strategies are designed to provide stability to the final 
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design. This methodology, however, leaves aside human factors during testing, as it can 

be done automatically.  

Adelman and Donnell (as in Udo, 1992) propose a framework that addresses issues 

regarding the interface between the DSS and its users, their organization, and the larger 

competitive environment. The quality of the DSS evaluation depends on two factors: (1) 

the types of measures of effectiveness of the evaluation factors and (2) the “realism” of 

the experimental simulation of the interface. For the DSS evaluation framework, there are 

three types of data collection procedures: 

 Subjective judgment: requires users to score their experiences with the DSS; 

 Expert observation: also involves subjective judgment, but DSS experts do the 

scoring; 

 Objective measurement: usually associated with empirical experimentation and 

comparison. 

 

These field studies were made by subject judgment, so that the users scored their 

experiences with DSSs. Field studies measure the effectiveness either by (a) system 

usage, (b) user satisfaction, or (c) system usage and user satisfaction (Udo, 1992), and are 

presented in Table 2.1. 
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Table 2.1 Effectiveness by System Usage and User Satisfaction (Udo, 1992) 

Author Year Methodology Performance 

Measure 

Results 

Ginzberg 1981 Field study Overall 

satisfaction 

Major factors identified: commitment 

and participation 

Crawford 1982 Case study Usage DSS increased productivity and 

effectiveness. 

Fuerst and 
Cheney 

1982 Field study Frequency of 
usage 

No specific conclusion about variables 
affecting system usage. 

Morrison 1983 Field study Usage How positively people perceive the 

impact of a system determines usage. 

Sanders and 

Courtney 

1985 Field study System usage, 

satisfaction 

Inconsistent conclusions that called for 

further studies. 

Henderson and 

Schilling 

1985 Case study Usage DSS are more effective when used as a 

process-support tool. 

Wafa 1986 Field study Frequency of 

use, satisfaction 

Years of experience and age affected 

frequency of use and satisfaction. 

Cheney et al. 1986 Field study Usage Significant factors include: rank of 

executive and task structures. 

Michelman 

and Kim 

1990 Case study Usage Firms with integrated information 

systems did better than those with 

isolated/independent systems. 

Miller and 

Doyle 

1987 Field study System usage, 

satisfaction, cost 

effectiveness 

Some firms consistently reported higher 

benefits than others. 

Srinivasan and 

Kaiser 

1987 Field study Perceived 

effectiveness 

System exposure can enhance users. 

Bergeron and 
Berube 

1988 Field study Satisfaction Less satisfaction reported by users. 

Guimaraes and 

Gupta 

1988 Field study Satisfaction Vendor support positively related to user 

satisfaction. 

Ranghunathan 

and King 

1988 Field study Satisfaction Systems planning positively related to 

user satisfaction. 

Therauf 1988 Case study Usage Improved productivity and reduced 

production cost. 

Lind et al. 1989 Field study Adaptation of 

microcomputers 

Organizational structure was found to be 

more significant than size. 

Watson et al. 1989 Field study Satisfaction No relationship between organization 

support and DSS effectiveness. 

 

Measuring the effectiveness of a DSS goes beyond the acceptance of system usage and 

user satisfaction as sufficient measures. There are some reasons that will open the 

potential benefits of implementing a DSS and the possibility of finding more realistic 

measures (Udo, 1992): 



47 

 

 

 

 Case studies reporting DSS failures where the systems have been frequently used; 

 Many laboratory and quasi-experiments have demonstrated that using DSSs 

frequently do produce benefits. According to Udo (1992), some of the studies 

show negative correlation between system usage and benefits. 

 Management has to justify any budget increase for a DSS quantitative and 

qualitatively as well. 

 

The following list made by Keen (as in Udo, 1992) presents the qualitative and 

quantitative benefits obtained after implementing a DSS: 

 Increase the number of alternatives examined; 

 Better understanding of the business; 

 Fast response to expected situations; 

 Ability to carry out ad hoc analyses; 

 New insights and learning; 

 Improved communication; 

 Better control; 

 Cost savings; 

 Better decisions; 

 More effective teamwork; 

 Time savings, and 
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 Making better use information. 

 

The potential benefits become a subject of interest for organizations and individuals that 

want to empower their decisions using computer-based strategic tools. Research on the 

role and expectations of DSS evolves with technology upgrades and with the 

incrementing experience of users. Also the implementation of DSS and the measurement 

of its effectiveness must go beyond system usage (Udo, 1992).  

2.10 Conclusions on Literature Review 

The methodologies used for measuring the effectiveness of DSS are evolving, as there are 

new elements of measurement other than system usage. In any case, the singular 

concurrence of the implementation of a control room designed for decision-based large-

scale mine blend control and the methodology for measuring its effectiveness in process 

optimization are core components of the present research.  
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CHAPTER 3. CASE STUDY MINE 

 

The case study mine in Wyoming, USA, is one of the largest coal mines in North 

America, producing over 100 million tons of thermal coal per year. Blending is a critical 

process, since the complexity and scale of the operation leaves little flexibility for most-

mining blending prior to loading customers’ trains. Coal is mined from several active 

pits, crushed then conveyed into silos, where it is blended as trains are loaded. Significant 

investment in conveyor networks and technology for controlling variability had been 

made beginning in 2005 to decrease the risk of rejected shipments and suspended 

contracts. However, none of these systems were systematically integrated into a holistic 

blending process. An integration and networking project intended to provide a holistic 

perspective of operations began in earnest in 2007. This Data Warehouse / Business 

Intelligence (DW/BI) solution was deployed in 2009. A Decision Support System (DSS) 

prototype has been in development since 2010 at the Mining and Geological Engineering 

department at the University of Arizona, as part of a large research initiative to leverage 

data-driven technology. As part of this overall DSS, a simulator was created that 

reproduces all the operation cycles and set-up. The simulator was initially used to learn 

different ways of gaining control of blending with the assistance of strategic real-time 

performance information. The purpose of this chapter is to present the fundamentals used 

for the development of the control room where the DSS is operating and define the scope 

of the testing methodologies proposed for mathematically measuring its effectiveness. 
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3.1 Purpose and Motivation 

Large-scale coal operations have to deal with continuously loading trains with a varying 

coal blend, depending on the customer. The planning and production of coal and the 

process of transportation from the pit, storage, assay sampling and blending prior to the 

actual loading of cars, must achieve quality outcomes while remaining efficient, all 

constrained given the existing infrastructure. Investment in a DSS should only be made if 

it helps achieve quality and efficiency objectives, hence benefits of such an investment 

should be measured. Turban and Aronson (1998) provide a list of perceived benefits: 

 Higher decision quality; 

 Improved communication; 

 Cost reduction; 

 Increased productivity; 

 Time savings; 

 Improved customer and employee satisfaction. 

 

Therefore, the implementation of the proposed DSS raises the following research 

question: 

R1: How much variability in blending can be reduced at a large-scale coal mine by 

implementing a control room with a DSS focused on blending? 
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The main purpose of the present research is to measure the effectiveness of a DSS that 

allows operations controllers to solve and test blending solutions. Such a solution would 

be supported by a common area where all the actors involved in the coal blending and 

load out processes can visualize real-time information and test then implement decisions. 

The expected outcomes of the proposed system, as from similar experiences in other 

industries, are as follows: 

 The highly competitive nature of the U.S. thermal coal market requires 

computerized tools to operate at the required scale and complexity; 

 End-users (crew operators) and even customers (supervisors and managers) can 

work with the system by themselves; 

 The system is based on data organized in a special DW. This enables easy 

processing and manipulation by the end-users. 

 Decision support is based on knowledge obtained from selected strategic 

information extracted from the operational data sources and displayed in the 

control room; 

 DSS applications are separate from the transactional and real-time data. 

Nevertheless, they use data from both sources. 

 Statistical and other quantitative models are used in the DSS applications; 

 Operations managers are ultimately responsible for all decisions. 
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3.2 Mine Layout and Operations 

The partner mine that participated in the research was a coal mining complex located 

south of Gillette, Wyoming. It is considered one of the largest coal operations in the 

United States (Figure 3.1). The property consists of an opencast mine, crushing and 

conveyor system, storage facilities that include five 14,500 ton silos, a temporary storage 

hangar (or “Barn”), and a rail loop for loading out up to two trains simultaneously, as 

shown in Figure 3.2. 

 

Figure 3.1 Satellite Image of research partnering coal mine (source: Google Maps) 
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Supervision facilities include a fleet management control center with surveillance 

cameras, equipment maintenance software and screens, a plant supervisory console, 

desktop terminals for ERP, laboratory analysis systems, and train expediting. 

 

 

Figure 3.2 Mine site layout 

 

A real-time command and control center was proposed for implementation. The purpose 

of this control center is to integrate information from diverse systems and gain control of 

blending results using decision and simulation tools. 
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3.3 System Infrastructure 

The infrastructure of a command and control center can be described as “the designated 

combination of flexible and enduring elements including facilities, equipment, 

communications, procedures, personnel and the structure in which these elements are 

integrated” (Sprague, 1982). All these elements will be essential in a large-scale mine for 

planning, directing and controlling semi-automatic sampling, blending and loadout 

processes and the activities that support those operations. The operations center shall 

provide the Operations Management and his personnel the decision capabilities required 

to accomplish the production and contractual goals (Sprague, 1982). 

The main components of a DSS are the “applications” based on hardware and software 

that will allow the decision maker to deal with a specific set of situations that are far from 

normal operation. If the solution includes graphics/map capabilities, and real-time 

indicators combined with visual displays of critical points of operation, these tools will 

help to augment the judgment of production engineers and operators (Sprague, 1982). 

The proposed operations center should have a “quad” based on: a) semi-automated 

loading system combining bins, conveyor belts and scales, b) a system for coal sampling 

in different points of the process c) monitoring systems for control of the loading process, 

and d) a robust infrastructure, with storage facilities prepared for production increase, tied 

together by the command, control, computers communication, updated sampling, and 

production planning. Many of these components exist on site although very limited 

integration between these processes have been systematically designed and implemented. 
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A Supervisory Control and Data Acquisition (SCADA) industrial process displays show 

the state and control inputs in real-time (Figure 3.3).  

 

Figure 3.3 Real-time industrial process displays 

 

3.4 Research Hypothesis 

Prior to specifying the hypothesis, a recap of the literature review and theory: 

Opportunity: Control over coal quality in large-scale mines can be greatly improved by a 

systems redesign using existing data sources. 

The partnering mine under research has a clear opportunity: tighter control over the 

blending processes can result in increased profitability and decreased risk of contract 

suspension. 

Materials handling systems are simply a series of constrains due to the mechanical 

characteristics of the mine infrastructure. Another factor identified is that there is a status 

quo in the operational procedures, associated with the magnitude of operations (over 100 
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million tons of coal per year) due to the relative homogeneity of the huge coal deposits in 

the Powder River Basin. A highly simplified mechanism for determining coal quality is 

used: an aggregated sample of 100 trains is used in a linear regression to estimate pit 

qualities. The procedure to avoid geological variance is to send higher quality than 

contractually obligated, yet even this simplified conservative strategy still results in the 

rejection of 15 to 30 trains per year and a 1% contract suspension rate. These numbers 

were obtained from personal interviews with the partnering mine’s staff. 

 

After analyzing the current scenario, the following null hypothesis can be proposed: 

H0: In a large-scale coal mine there is no effective measurement of the results of 

blending after implementing a DSS for blending control. 

Conversely, once the implementation of a control room with a built-in DSS was 

proposed, a methodology to numerically test the effectiveness of the DSS in improving 

the quality of the coal delivered was required to be developed. Which brings up the 

corresponding research hypothesis: 

Ha: It is possible to numerically measure the effectiveness of a DSS implemented 

for gaining blending control in a large-scale coal mine. 
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The hypothesis can be tested by comparing the results of tests with or without using the 

DSS. The significant variables in the model can be said to relate either positively or 

negatively to BTU variability. 

3.5 Summary of Present Study 

The deployment of DSS and other technology-based supervisory systems in large-scale 

mining operations can present multiple arguments in favor or against its implementation. 

Cultural factors are important for measuring the level of acceptance of the new 

technologies. In a different industrial environment, intense training and gradual induction 

of new technologies would have been sufficient for inserting a new technological 

component. Yet, in a mine of the magnitude as the one under research, less attention has 

been paid to cultural factors than to the implementation of the technology itself. 

Communications is another factor that becomes a relevant variable as many of the current 

operational strategies are made by verifying operating conditions by radio, telephone or 

skills obtained after years of operational experience. As a consequence, blending 

decisions will depend on the quality of such communications. One of the goals of the 

methodology to be defined is to integrate the information required for blending in a 

common working area, namely a control room, where any communication and decision 

gap can be overcome by seamlessly sharing experiences, strategic information of 

common concern, and by unifying efforts in producing the desired quality values. A key 

component of the implementation will be the simulator, which will help to build diverse 

what-if scenarios for testing different decision actions and their impact on the possible 
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quality results. To improve understanding of the DSS outcomes, human factors and 

ergonomics used in the design of control rooms should be integrated with cultural factors 

from operations and the knowledge obtained from simulation heuristics. The 

measurement of effectiveness is then shifted from the control room design to the crew 

operator making decisions, and the strategies and actions taken in order to produce the 

desired quality values.  
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CHAPTER 4. RESEARCH DESIGN 

 

An evaluation model was developed to assess the impact of a DSS integrated in a control 

room for controlling the coal blending process by reducing BTU variability while 

maintaining high levels of production efficiency. To this end, the ARENA-based 

simulator designed for representing the whole production process was used to reproduce 

pull performance and current materials handling settings directly from historical data of 

mine systems for the year 2011 (although it should be noted that the simulator is capable 

of 2012 data as well as real-time). The configuration of the DSS was adjusted for 

particular scenarios in order to be repeated under the same operational circumstances. In 

this way, the same shift (breakdowns, cycle rates, etc.) could be simulated several times, 

and performance could be compared against actual historical results or repetitions of the 

same date range with different strategies for blending settings. Information was displayed 

for decision making and the resulting outcomes of such decisions could be numerically 

tested for effectiveness measurement. The historical data was directly extracted from a 

corporate DW without altering the everyday working databases. After every simulation 

session, the simulator wrote its results back into the same database structure, and diverse 

KPIs were calculated and reported. 

4.1 Research Project Development 

In its original conception, this research had six phases (Figure 4.1): 
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a. Process Mapping: The aim was to understand the processes directly involved in 

blending, identify the areas at the site, identify the actors, and classify each area 

by the tasks and information produced. Personal interviews, as well as the 

identification of input and output documentation, helped to appraise the 

significance of the process analyzed. The outcome of this phase was the process 

maps, as shown in Appendix B. 

b. Analysis of Infrastructure: An evaluation of mobile and fixed equipment, their 

nominal and actual capacities and the constraints given by distribution, 

operational procedures, and mechanical functioning provided a complete layout of 

the components involved in the transportation, storage, and delivery of blended 

coal. The outcome of this phase was the simulator, which was used for the 

experiments. 

c. Integration of Data Sources: After verifying that the existing DW originally 

designed for operations optimization was suitable as data source – by analyzing 

compatibility between key fields-, new components were incorporated, namely 

data files from the FMS real-time solution, and the output files from the 

simulator. The outcome of this phase was the FMS Online Analytical Process 

(OLAP) Cube, designed to provide operational KPIs and crew operator 

performance. Views created from these data sources, in near-real time or from 

past performances, provided the input for diverse components of the DSS screens. 

d. Control Room Design: A centralized supervisory and tactical infrastructure 

(room) for controlling and monitoring of the blending-related processes 
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containing the DSS was built. This infrastructure would model a similar 

infrastructure at the site that would help crew operators to make decisions to 

control blending variability. The Controlled Blending Operations Center (CBOC), 

built at the Mines and Metallurgy building of the University of Arizona, 

combined off-the-shelf equipment with specially developed solutions for blending 

control, following ISO 11064-7 standards (ISO, 2006).   

e. Prototype Deployment: The implementation of the CBOC required three 

fundamental areas, starting with the selection of technology, design standards, and 

applications; next was the integration of systems and the design of the DSS; 

finally, the decision-making process, described in detail in Appendix C, and the 

methodology required to measure the effectiveness of the DSS. The outcome of 

this phase was the results of the experiments and the conclusions obtained from 

the present research. 

 

 

Figure 4.1 Flow Diagram for Research Project Development 

 

 

The description of each of the phases provided the building blocks for the DSS required 

for blending control. 
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4.2 Process Mapping 

The first step in integrating processes is to have a clear understanding of the as-is system. 

Designing a process map requires the use of conventions and standards that can be 

understood by people who may not be familiar with operations.(Figure 4.10). 

 

 

  

Figure 4.2 Symbols Utilized in Process Mapping (NHS, 2005) 

 

After interviewing users, collecting hard and soft copies of all information used, and 

observing these processes directly, a cross-functional flowchart (Figure 4.3) was 

developed covering each process from coal extraction to train load out. The hand-offs 

between processes were studied, and all of the input and output of information used in 



63 

 

 

 

these processes was clearly defined. From the interviews, several operational 

requirements and situations arising from everyday work were specified. It was clear that 

even though coal flowed smoothly from the pit to the hoppers, on to the crushing phase 

and into the silos, the knowledge of the actual proportions of each type of coal in the 

blending process was limited. At that time, the only means of measuring coal quality 

were via scales at the loadout as the trains were loaded, or upstream at the tops of the 

silos, although this sample was not electronically communicated or reliably recorded. 

Two types of assays were made on these samples, an accelerated assay that takes just a 

few hours and a definitive assay that takes three days. Furthermore, the source of the 

sample material taken was not exactly known; therefore, quality estimates were made 

only once per week based on a regression comprising the definitive assay results of the 

past 100 trains. The regression was completed using a freeware spreadsheet plug-in. A 

common practice was assuming a more conservative quality of coal, which generally 

means giving the customer a higher value of BTU than was contracted. 
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Figure 4.3 Example of Process Mapping 

 

The scope of these process maps is to recognize which stages of the production process 

were directly related to blending, and to help to identify the data sources used for 

decision making. A more detailed description of the methodology for Process Mapping 

can be found in Appendix B. 
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4.3 Infrastructure Analysis 

The proposed CBOC was located in a strategic physical position through which all 

information necessary to support shift operations had to be communicated. For the 

convenience of process description, the integrated operations for stocking, blending, and 

load out procedures were summarized as “production.” Experience in other industries has 

demonstrated that the accuracy, completeness, and efficiency with which information is 

managed within the control room is a key enabling factor in attaining effective operations 

performance (Davey and Matthews, 2007). 

The type of information comprising this communication spans a number of purposes and 

levels. At the highest level, information in terms of production and safety goals is 

conveyed via such elements as work plans; strategies to be followed; and specification of 

hopper, conveyor, and silo configurations; and loadout bins in coordination with the 

railway operations expediters. At the lowest level, information in terms of specific work 

and operating description is conveyed via such elements as procedures; equipment modes 

and process setpoints; and reports of process, equipment, and work status. These 

information elements and corresponding communication flows and transformations were 

the means by which production staff and loadout system operators perform their roles in 

support of overall mine production and contractual requirements.   

The specification and development of the CBOC proceeded under the influence of ISO 

11064-4:2004. 
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4.4 Integration of Processes and Databases 

All processes involved in blending generate data. Some data was stored in servers, 

becoming part of the corporate databases. Typically the data once stored was rarely used. 

Data could be systematically extracted from production servers and transferred to staging 

databases where data was characterized. Using Business Intelligence (BI) techniques, 

OLAP cubes were built by designing dimension tables (attributes) and fact tables 

(values). These tables are properly joined with existing tables from the corporate DW, 

and calculations are added for extending the richness of information provided by the 

cube. With systematic extraction, it was possible to display near-real-time information for 

every completed hour of the current shift (Figure 4.4). 

For the present project, source tables containing the actions made by crew operators 

during the year 2011were extracted from the FMS. These operators made “decisions” 

without using any DSS whatsoever. 
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Figure 4.4 Data Flows for Real-time FMS 

 

4.5 Prototype Design 

As previously mentioned, the partner mine where this technology was developed is one 

of the largest coal mines in North America, producing well over 100 million tons of coal 

per year. In this mine, coal extracted from different pits is stored in silos and other 

facilities, where it is loaded into the arriving trains though a loadout infrastructure that 

can pull coal from any of the silos simultaneously, thereby allowing any ‘recipe’ coal 

blend. However, the variability of the coal quality depends on different factors along the 

production process. In the pit, variability depends on the combined effects of geological 

behavior of coal seams, which apparently tend to keep the same BTU values along 

certain horizontal directions, and on the shovel location –and therefore on the skills of the 
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shovel operator- from which the coal was mined. In the rest of the production and 

blending processes, it depends on the adjustments made in the infrastructure, partially 

controlled by the sample assays. In 2008, a data warehousing/business intelligence 

(DW/BI) project began whereby all databases that tracked production and other variables 

(i.e. safety, maintenance alarms, etc.) were integrated and deployed in an OLAP cube for 

reporting and analysis. In 2009, the coal company extended the capabilities of the DW/BI 

system through funding of the Mine Intelligence Research Group (MIRG) at the 

University of Arizona’s Mining and Geological Engineering department. Within the first 

13 months, a large team of mining researchers, IT support personnel trained in business 

intelligence, and other support staff had built a centralized monitoring and supervisory 

control room that could monitor (and potentially control) the partner coal mine remotely 

from Tucson, Arizona. Key components necessary for optimized blending were also 

developed or were being designed and tested. Other projects were being undertaken 

simultaneously such as centralized monitoring of all in-pit activities in real-time for a 

reengineered frontline tactical mine management system. 

A common question posed by mines contemplating the building of such remote and/or 

centralized control rooms is the true value that they provide. The immediate benefits are 

closer interaction between the different departments and ready access to real-time 

performance information. The second set of benefits is the many alternative and novel 

opportunities to integrate and computerize complex decision making processes such as 

the many tradeoffs involved in blending coal in real-time. However, these intuitive 

benefits are not immediately quantifiable. 
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Since 2010, a DSS prototype was developed at the Mining and Geological Engineering 

Department at the University of Arizona (Figure 4.5). This initiative involved the testing 

of a simulator that reproduces the entire operation cycle as a means of learning different 

ways of controlling nearly every facet of production management (from fleet 

management to train loading) and particularly blending. Other screens that display 

information extracted from the DW are already in use and have become part of the DSS 

solution. 

  

 

Figure 4.5 Possible set-up of the Control Room Prototype 

 

The infrastructure was designed to aid engineers and operators to manage with 

production and comply with quality goals. Functions and characteristics of existing 

technologies were presented and incorporated inside the command and control center. 
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The system includes a simulation application that is capable of reproducing diverse 

scenarios of the production process (Figure 4.6). 

 

 

Figure 4.6 Real-time Displays and Data Extraction from the DW 

 

4.6 Validation and Verification 

David (2001) describes the development of user-centered Supervisory Control Systems 

through a series of steps that end in a validation/verification process before being 

implemented (Figure 4.7). 
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Figure 4.7 User-Centered Supervisory Control Systems (after David, 2001) 

 

The task block, that includes task definition, task analysis and task allocation, is the area 

where the operational situation occurs, and the decisions are taken after an analysis of the 

existing operating conditions, by reading information from the DSS. The interface 

contains all the parameters that are required for developing a strategy for decision 

making. The design of the interface includes ergonomics to facilitate the user with an 

enhanced perception of the present situation, and provides choices for adjustment of 

settings. The testing phase requires dynamic modeling using the simulator for recreating 

diverse operating scenarios. Validation and verification of the model and the interface 

design is performed comparing the performance of users, prior to the deployment of the 

system in actual operations. Training, gradual transfer of skills, team formation and 

monitoring complete the implementation process. 
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4.7 DSS Design 

To more effectively compare the usefulness of the DSS, several decision scenarios were 

tested with the simulator. The tests were conducted using 2011 data as a baseline. 

 

4.8 Phases in the Evaluation of a DSS 

When using the evaluation research method for assessing a DSS (Evans and Riha, 1995), 

there were nine steps to follow: 

1. Identify what to evaluate 

2. Establish evaluation criteria 

3. Organize for evaluation 

4. Collect performance data 

5. Maintain historical data 

6. Analyze performance data 

7. Formulate conclusions and recommendations 

8. Take corrective action 

9. Evaluate evaluation process 
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4.9 Controllable Elements of the DSS 

The process mapping exercise help identify the key decision areas used in formulating a 

blending strategy (Figure 4.8). The process map also identified areas of repeated manual 

data entry that were automated and simplified. 

  

 

Figure 4.8 Controllable Elements of the DSS 

 

The only controllable variables were: 

1. the FMS for optimizing the trucks and shovels, crusher settings, priorities, and 

balancing in-pit material flows; 
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2. conveyor connection stations and belt speeds for adjusting the flow and 

distribution of coal from the four in-pit crushers to the five silos, and 

3. the loadout recipes that were required to produce the blend for each contracted 

load manifested as a train shipment. 

Fleet management decisions, silo filling strategies, and loadout tasks are adjusted with 

information obtained from Mine Planning, Contractual Specifications, Coal Quality 

definition, Fleet Cost management and Train Scheduling. As illustrated in Figure 4.9, 

Materials Handling Capabilities corresponded to the simulation module and provided 

diverse scenarios based either on running historical data or on current data. Crew 

operators modified operating parameters based on the decision alternatives they took. 

 

 

Figure 4.9 List of Process Models that Impact Blending and Load-Out 

 

Having identified all components of the production process involved in blending and 

input/output, the next step was to integrate the information. An exhaustive analysis of the 
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existing corporate DW provided the definition of these sources, as well as real-time data 

sources. Each one of the models created after the process mapping became a specific 

screen with decision making elements.  

The final components for the DSS covered the following blend considerations: 

a) Materials Handling Capabilities (MHC), uses a simulator and back-end data 

warehouse to determine the true maximum capabilities of the materials handling system 

(shovels, trucks, and conveyor network). Simulation settings, such as truck travel time, 

shovel loading rates, conveyor rates, and all of the other key variables in a materials 

handling network can be automatically downloaded, bringing the simulation back to any 

historical state.  Simple button pushes can select a historical or current state loading all 

the conditions of the mine at that date and time into tables, which could then be adjusted 

to complete what-if scenarios. It is also possible to simulate current conditions and mine 

set-up by clicking NOW (although the current shift’s outcomes could not be compared to 

the simulated outcome) (Figure 4.10). The simulator has many other interesting features 

such as an ‘autogeneration’ capability where the simulation model can be dynamically 

built by simply reading information from the database. The simulator is a topic for 

several other PhD teams. 
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Figure 4.10 Materials Handling Capabilities Simulator 

 

b) Adherence to Mine Plan (MPL), which provided hour-by-hour and shift-by-shift 

information about a crew’s production from the perspective of the mine plan. It also 

included indicators for adjusting the production rates to comply with the required 

planning goals. A scoring chart that tracks crew performance over the previous 28 shifts 

proved a helpful tool to motivate operators (Figure 4.11). The MPL was the subject of a 

Master’s degree. 
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Figure 4.11 Adherence to Mine Plan (Kahraman, 2011)  

 

c) Fleet Cost Management (FLC), which was built upon an Activity Based Costing 

concept whereby the individual cost model of each item of capital equipment, such as a 

truck or a shovel, was used to determine the operating cost in real-time. It considered the 

ranking of trucks and shovels according to different costing concepts and allowed the 

operator to achieve a production goal using the minimum possible costs Figure 4.12. The 

FLC was the topic of a Master’s degree. 
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Figure 4.12 Fleet Cost Management (Antuñano and Dessureault, 2012) 

 

d) Quality Assurance (QUA), which covered a fundamental step in the production 

process by using regression techniques to estimate the quality of coal expected from 

diverse pits.  

e) Penalties and Premiums (PPR), a module that provided a “watch list” in which 

critical contracts, whether premium sensitive or vulnerable to rejection or suspension, 

were displayed to adjust blend settings accordingly. 
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f) Train line-up (TRN), a real-time display of trains based on information provided 

by the railroads. Improved knowledge of the train arrivals lent flexibility to the 

modification of the loadout process. 

At the time of the experimental phase, some of these models were not implemented as 

DSS modules. Therefore, the full potential of the proposed solution could only be 

partially assessed. 

4.10 KPIs and Performance Measurements 

The DSS enabled the development of a set of KPIs to measure the performance of crew 

operators when using the DSS. Based on the information provided by the diverse DSS 

components, users had information that could help them make decisions that impact  

BTU variability. The overall approach for developing the performance measures is as 

follows: 

a) Identify the sources of data available to develop the performance measures. This 

involved a review of available data sources including the mine’s cycle data and 

past production data collection. 

b) Production of performance measures in the form of rates, considering ready hours 

for equipment, hours worked per shift, tons loaded and hauled, and values of BTU 

and impurities generated. Limitations that affect interpretation were also 

considered.   
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For measuring crew performance, relationships between all data variables were defined. 

These relationships were found in the real-time FMS, which is a business intelligence 

approach for extracting current and historical data systematically from the FMS. These 

values were actual decisions performed by crew operators. In the case of year 2011, 

which is the basis of the present study, these decisions were made prior to the full 

deployment of a DSS (note: the MPL was deployed in the fall of 2010). The defined KPIs 

and measurements are presented in Table 4.1, and were used to design the DSS 

components. 
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Table 4.1 KPI and Performance Measurements 

# Type Measurement Variables Oper. Source Observ. 

   Numer. Denomin.    

1 FMS 

KPI 

% Locked to 

Shovel 

Load 

Cycles 

Locked to 

Shovel 

Total Load 

Cycles 

% RT-FMS  

2 FMS 

KPI 

% Locked to 

Dump 

Load 

Cycles 

Locked to 

Dump 

Total Load 

Cycles 

% RT-FMS  

3 FMS 

KPI 

% Locked to 

Both 

Load 

Cycles 

Locked to 
Shovel and 

Dump 

Total Load 

Cycles 

% RT-FMS  

4 FMS 

KPI 

% Unlocked Load 

Cycles 

Unlocked 

Total Load 

Cycles 

   

5 Perfm. 

Meas. 

Avg. Ready 

Hours of Truck 

for each Unique 

Lock Change 

Truck 

Time 

Productn. 

Truck Lock 

Distinct 

Count 

Ratio RT-FMS Applies to 

crusher cap. 

Setting, 

crusher blend 

setting, & 

blend point 

adjustments 

6 Perfm. 
Meas. 

% of Time in 
Queue 

Total Time 
of Truck in 

Queue 

Total Time 
of Trucks 

Ready 

% RT-FMS  

7 Perfm. 

Meas. 

% Loading Total 

Loading 

Time 

Total Time 

of Shovel 

Ready 

% RT-FMS Total Loading 

Time = Time 

Shovel 

Working 

8 Perfm. 

Meas. 

% Hangtime Total Time 

of 

Hangtime 

Total Time 

of Shovel 

Ready 

% RT-FMS Total Time of 

Hangtime = 

Time Shovel 

not Working 

9 Perfm. 

Meas. 

Tons per Mile 

Hauled 

Loaded 

Tons 

(Haul Dist. 

Full + Haul 

Dist. 
Empty)/5280 

Ratio RT-FMS 5280 = 

Conversion 

from miles to 
feet 

10 Perfm. 

Meas. 

Tons per Mile 

Hauled – Full 

Loaded 

Tons 

Haul 

Distance 

Full/5280 

Ratio RT-FMS  

11 Perfm. 

Meas. 

Empty Dist. To 

Full Dist. Ratio 

Haul 

Distance 

Empty 

Haul 

Distance 

Full 

Ratio RT-FMS  
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4.11 Variability and Definition of Decision Variables 

The main objective of the DSS was to maximize profit and utilization of infrastructure 

while reducing the risk of rejecting shipments or suspending contracts due to inaccurate 

values in coal quality (as well as some adherence to the mine plan), whereas the main 

goal of the research was to develop a methodology to measure how effective is the DSS 

for controlling variability. 

As a means of measuring this effectiveness, BTU variability was measured as a proxy, 

and the following effects were observed: reduction of profit, percentage of utilization and 

mechanical availability, delays, queues, unplanned breakdowns, preventive maintenance 

of critical equipment, train scheduling conflicts, and delays or short notice changes. 

These events occurred continuously during daily operations, so decisions were made by 

the crew supervisor to mitigate the impact of these changes. 

Figure 4.13 shows the workflow diagram with the elements of processes that are directly 

related to production and quality. Starting in the planning department, available pits and 

production goals are defined following weekly linear regression estimates for coal quality 

in pits. Preventive maintenance schedules and unexpected breakdowns constrain 

equipment availability and provide the first scenarios that affect the storage and blending 

strategy. Blending models allow a combination of coal quantities and qualities available 

for fulfilling contractual obligations. Diverse scenario modifications, such as unexpected 

breakdowns, overload of storage capacities and short-notice changes in train schedules 

define new blending requirements and move decision makers to adjust blending 

parameters or coal flow. The impact of these changes can be seen either in real-time, if 
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the frequency of data acquisition has been set to fractions of an hour or hourly during a 

shift, whereas other less critical variables can be displayed for the last 7 days or the entire 

month. 

 

 

Figure 4.13 Workflow for coal production, blending and load out workflow 

 

The methodology for defining the decision variables started by dividing the workflow 

into segments; each one of these segments had a specific set of elements with a 

performance value or setting that had to be adjusted according to tonnage and quality 

delivery requirements. Individual decision variables were defined for each segment: 

 Pit-Shovel. – In this segment, the main variable was shovel production and 

depended directly on shovel performance. The KPIs required for controlling 

shovel performance were Instantaneous Loading Rate, Actual Loading Rate, and 
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Average Loading Rate for the last 7 days, as shown in Equation 4.1, Equation 4.2, 

and Equation 4.3, respectively. 

 

 (4.1)  

  (4.2) 

 (4.3) 

 

Four operation conditions were identified during performance of shovels, based 

on the information provided by the KPIs. Information regarding shovel 

availability is obtained from the maintenance application. An additional source of 

information was the MPL module, where the visualization of all working pits and 

assigned shovels with the current production performance and trends for the rest 
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of the shift provided a holistic view of the loading process. A list of possible 

occurring conditions, the decisions associated with such conditions, and the 

actions taken as a consequence of the decision taken are presented for each 

scenario (Figure 4.14). 

 

 

Figure 4.14 Pit-Shovel Variability Decision Scenario 

 

 Shovel-Truck. – Some of the measurements from Pit-Shovel are still valid in the 

current segment. Additional parameters to visualize are shovel prioritization, 

which shows the priority assigned to a shovel. Priority assignment brings more 

trucks to that shovel for being loaded, thus associating production performance 

with the priority level selected, 1 being the highest priority. Truck locking is also 

another performance indicator associated with truck performance, which, 

depending on the strategy adopted by the crew operator, can make a truck return 
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to the same shovel or go to the same dump (or both) to assure sustained 

productivity. Queue times in front of the shovel and in front of the dump points 

are also tracked and displayed, giving the crew operator an extended view of the 

overall production performance (Figure 4.15). These KPIs are described in detail 

in Appendix D. For each operating condition, a decision is recommended, and the 

action resulting from this decision is also described. An additional source of 

information is generated by the FLC module, which will help to calculate the 

trucks’ actual cost of operation based on the activities they perform. 

 

 

Figure 4.15 Shovel-Truck Variability Decision Scenario 
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Truck-Hopper. – One of the controlling variables is the efficiency of trucks on the road. 

The “ton-mile” parameter on the current shift and during the past 7 days reflects the 

actual capacity of the truck fleet. An instantaneous capacity reading, which is the 

capacity considering only effective hauling time without any delays, provides the 

maximum reachable total hauling capacity with the available trucks. Another critical 

variable is the formation of truck queues at the hopper. The “locked to shovel”, “locked 

to dump,” “locked to both,” and “unlocked” statuses are also relevant for decision 

makers. Three operating conditions are identified along with the corresponding suggested 

decisions and the resulting action to be performed (Figure 4.16). 

 

Figure 4.16 Truck-Hopper Variability Decision Scenario 
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 Hopper-Silo. – In this segment, the crushers play a key role as the crushing 

capacity determines the effect on truck queuing at the hopper in the case where 

the dumped materials are not fully processed by the crusher prior to the next 

truck’s maneuvering into position to dump. The crushers also affect the coal flow 

from the pits and what is delivered to the silos. Displays of hourly crusher settings 

and the difference between actual and instantaneous capacity and average 

capacity for the last 7 days provide the crew operator with decision elements 

(Figure 4.17). The conveyor speeds are always set at the maximum set-point 

assuring rapid conveying. The segment has two operating conditions that can have 

diverse decision options and corresponding actions. 
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Figure 4.17 Hopper-Silo Variability Decision Scenario 

 

 Silo-Loadout. – The loadout is a batching infrastructure that builds a train car load 

according to a set recipe of blended silo contents (Figure 4.18). Adjustments in 

loadout depend on the material provided by silos. Decisions are made on the 

quantities of coal delivered to train cars and the additives that may be required for 

specific contracts. 
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Figure 4.18 Silo-Loadout Variability Decision Scenario 

 

 

4.12 Definition of Performance Measurements 

As the system is designed to provide assistance in decision making, there are some key 

performance indicators (KPIs) that can be calculated from the existing DW, displayed in 

real-time whenever required. Ideally, these KPIs can be integrated into the proposed 

control room for the benefit of the operators. Some variables obtained from the data 

analysis are not easily recognized by users, so they have to be presented in an intelligible, 

valuable way. Performance measurements are described in detail in Chapter 5. 

4.13 DSS User Assessment 

User performance is measured by actions taken during the execution of the testing 

sessions. Even though these sessions attempt to reproduce real-life situations, they are 
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designed to simplify the steps taken by operators in order to analyze these procedures 

more clearly. From the productivity perspective, the time it takes to make a decision and 

the delays in changing blend settings are the critical factors that determine the maximum 

possible production rate. From the process perspective, users considered diverse 

alternatives, and the results of their actions directly impacted the overall results. Some 

goals can be reached using a variety of steps that are also related to the usage of time. 

The effect of corrective measures taken during the event was empirically weighted.  

Perception is another factor that was considered and that is closely related to the 

experience and judgment of the user and the conviction that the option chosen was a right 

one, if not the best possible. In order to narrow the number of elements used in the 

experiment, process and perception were not included for effectiveness measurement, 

remaining the actions associated to productivity and achievement of goals. All these 

actions were framed around goal achievement, which include profit maximization, 

minimization of infrastructure utilization, and minimization of BTU variability (Figure 

4.19). Users were finally scored according to their performance using an index that 

considered several factors. Finally, the differences between potential performance and 

actual results were statistically quantified (Figure 4.20).  
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Figure 4.19 DSS User Assessment 

 

 

Figure 4.20 Methodology for Testing DSS Effectiveness 
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4.14 Testing Methods for Operator Performance 

Test execution starts with three operators, each belonging to a specific crew seated in 

contiguous workbenches at the control room where they operate separate simulator 

sessions (Figure 4.21). Starting at the same time, all simulator instances have loaded a 

group of settings that correspond to milestone dates (chosen for this experiment, are dates 

in year 2011.) The screens in front of the operators present all the DSS components, and 

randomly are turned on and off, creating a different set of information sources. For 

example, how is user 1 reacting when MPL information is not available, and whether 

he/she is able to infer current operation conditions based on the other available 

components. For user 2, the apparent lack of information when FLC is turned off may be 

compensated by taking a different decision alternative, based on current loaded tons and 

BTU buildup for the current storage available. 

The simulator is capable of compressing time by accelerating simulation speed so that in 

a single testing day, several simulated working days can be reproduced. First sessions 

reproduce a single shift, a day, and a week. More complex simulation sessions will be 

extended to a month. Control room screens provide key information for the test subjects 

to make decisions based on their skills and previous experience. These screens were be 

systematically turned on and off during different experiments, so users had to interpret 

the current operation conditions and possible setting changes based only on the 

information available at that moment. 
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Figure 4.21 Testing Phases and Blending Strategies 

 

During the test several scenarios were set using particular operation conditions and 

unexpected situations such as breakdowns or changes in the original mine plan (Table 

4.2). All settings that are made at the start of the sessions were recorded, as well as the 

settings that users change. By the time of the test sessions, some of the DSS components 

were under development, so the turning on and off of these components was not applied 

in the experiment. The objective of these sessions is to achieve the minimum blending 

error with the maximum throughput and optimal use of infrastructure. This can be 
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achieved by giving a particular weight to the type of decision made according to an 

empirical value assignment (Table 4.3).  

 

Table 4.2 Scenarios for DSS Testing 

No. Scenario Implications Blending adjustments 
1 Breakdown of shovels 

and trucks 
Changes in tonnage goals. 

Non-adherence to mine plan. 
 Reduction of hopper use. 

 Change of conveyors and gates to 

utilize coal from temporary 

storage facility. 

 Rescheduling of trains already at 

site. 

 Changes in mine plan. 

2 Unexpected dropping of 

pit quality 

Unplanned blending quality. 

Alteration of mine plan. 

Trucks to be redirected from 

another pit. 

 Change of feed rates. 

 Recalculation of blending goals. 

 Recalculation of weekly quality. 

 Change truck locks. 

3 Roads blocked Alteration of available 

circuits. 

Limitation in delivery 
capability to silos. 

 Change of circuits. 

 Redirection of trucks (change of 
current blending settings). 

4 Silos full Limited blending capability. 

 
 Redistribution of coal delivery 

from pit to available silos. 

 Changes in blending availability. 

5 Change of arriving 

trains 

Limited flexibility to adjust 

settings to expected blending. 
 Change of circuits. 

 Change of feed rates. 

 Change of gates to select different 

silos. 

 

 

Blending errors are defined as the difference of BTU value over and under the value 

range established for a contract specification. Due to the scope of the experiment, the 

constrains set by contracts was not included, as it would demand a complex set of rules 

for calculating premiums, penalties and the follow up of contract statuses. Blending 

errors are implicitly related to penalizations or profit, which for this experiment was not 

performed. This simplification of the real blending problem may restrict the possibilities 
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for measuring the effectiveness of the DSS under actual operating conditions. However, 

the weight assigned to this aspect reflected the importance of gaining control over the 

blending results. In addition, overall performance results were compared with the actual 

historical results. The difference was also considered in the assessment. After having 

completed the testing cycles, users were ranked according to their scores. Production 

results and blending errors can be quantitatively represented using bias and dispersion 

tools from standard statistical methods. Users can be grouped according to their decision 

techniques, and ranges of “best practices” can be distilled from their performance. 
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Table 4.3 User Oriented Assessment 

Effectiveness Measure Empirical 

Weight 

Description 

Availability Selection of trucks and 

shovels from maintenance 

plan. 
 

20 

 
 Equipment availability, 

different capacities. 

Accuracy of Outputs Selection of trucks and 

shovels according to 

recalculated mine plan 

(effort to reach steady state). 

20 

 
 Adherence to new mine 

plan, optimum fleet cost. 

Reliability Blending recalculation 

matches new quality 

estimations. 

Capability to provide 

“promised” blending to 

current trains. 

20 

 
 Contract compliance. 

Response Time    Time utilized for changing 

settings (feed rates, blending 

circuits). 
Time for observing changes in 

blending settings. 

10 

 
 Inversely proportional to 

train waiting time. 

Quality of the outputs Blending accuracy. 30 

 
 Inversely proportional to 

blending error. 

Perception    Understanding of the problem, 

delayed reaction, fatigue, 

limitations in knowledge and 

skills. 

20 

 
 Operational limitations. 

TOTAL EMPIRICAL WEIGHT 120  

 

4.15 Additional Business Value 

The implementation of a DSS control opens several possibilities for its application. For 

example, the DSS simulator can be used to have multiple users compete against each 

other, using the same historical starting date/time. Each can employ various strategies. 

The added competitive nature through such a ‘multiplayer’ environment can result in 

operators either learning best practice from each-other or creatively finding new 

strategies for production management. It is debatable whether publicly exposing the 

performance of each individual is positive or not; nevertheless, it can be seen as a 
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legitimate performance measurement for the benefit of the overall production process. 

The diverse scenarios created for running the simulator become an ideal opportunity for 

testing new operation conditions in which circuit changes or mechanical availability of 

vehicles can be rearranged prior to actual expansions or machine shut-downs so that the 

impact of a machine’s schedule maintenance can be understood. Any new additions made 

to existing infrastructure can be incorporated into the simulator and tested. Human factors 

added to the current design will signify enhancements in ergonomics, improved working 

environment and redesign of displays for faster and more effective decisions. In focusing 

on user training, this innovation allows new users and operators that  require re-training 

to conveniently use this environment to extend their skills. 
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CHAPTER 5. ANALYSIS OF DATA 

 

The effectiveness of the DSS can be measured by comparing decisions that are made 

individually within the integrated control systems. Traditionally, mine controllers use 

their experience, intuition, or a variety of trial-and-error spreadsheets to determine the 

ideal materials handling flows needed to achieve the correct quality. These balanced 

decisions are complex since many factors must be considered such as the mine plan, fleet 

costs, quality variability, and others; consequently, mine controllers usually have widely 

varying success between crews. The purpose of the present chapter is to measure the 

performance results of the crew operators. 

5.1 Organization of Data Analysis 

The proposed research model has the following variables: 

 Tons of coal shipped per train during a typical shift 

 Average BTU per train 

 Average value of impurities 

 Wait on coal per train 

 Hangtime on shovel 

The measurement of effectiveness was performed for crews 1 to 4 working during 2011. 

These crews worked 12 hour shifts on rotating nights and days on a 4-and-3 schedule. 

Crew fleet management system (FMS) operators were responsible for the overall 
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performance of the shift. A more convenient visualization of performance is obtained 

when grouping the operation results for the previous 7 days, as those results include at 

least one complete shift rotation for two crews. It has been observed that crews tend to 

compete as they compare their performance when the results are displayed and put more 

effort into surpassing the other crew’s results. 

The experimental task started by selecting goals for tonnage shipped and ranges for BTU 

and impurities (Moisture, Ash, Sodium, and Sulfur) for an arriving train and repeating 

this task for all the trains of the shift. Every train that arrived afterwards had a different 

requirement, and the decisions the crew operator made were intended to minimize the 

difference of value between what was required to deliver versus what was possible to 

deliver after redistributing trucks and shovels, adjusting the crusher settings, rearranging 

silo storage and utilization, or modifying loadout settings. The uncertainty of the 

requirement of the arriving trains made this an adequate scenario within which to make 

adjustments with the constraints of time and available coal quality in the silos. 

 

5.2 Crew Operators 

Two subjects were recruited to participate in the experiment. Each subject was randomly 

assigned to one of the three available workstations. All participants completed the 

experiments. Both are graduate students, mining engineering professionals with real 

experience in mining operations. Users were scored depending on their decision 

performance. 
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Subjects in the experimental group were given different DSS screens. Doing so ensured 

that differences in outcome were because of the use of DSS rather than the content that 

operators were permitted to access during decision-making. 

Each subject had access to the production schedule for the historical date that they 

selected. Subjects were then instructed to achieve the required BTU for each arriving 

train. The experimental production shift simulated the behavior of selected pits and 

arriving trains. 

 

5.3 DSS Output Component Design 

The DSS output components are transformed data presented in real-time dashboards from 

which DSS decisions are generated. The information displayed is essential to operators in 

order for them to act upon a particular problem. Data is extracted from source databases, 

view files, and from OLAP cubes that are programmed to read periodically from the data 

source views and regularly refresh the displays of each component. Data sources have 

been previously characterized in order to present the information in different levels of 

granularity. The dashboards are created using SSRS, and through OLAP cubes using 

Excel pivot tables as a client tool. A description of the components, screen snapshots, 

decision elements, and best practices are shown in Appendix D. 
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5.4 Key Performance Indicators 

Before the DSS was implemented, crew operators in charge of the FMS made decisions 

that in most cases were driven by existing operating conditions. Once the DSS was 

implemented, such decisions visualized through KPIs displayed in the control room, 

followed by an analysis of the Load Cycle OLAP cube, which integrates information 

obtained from the RealTimeFMS database, in combination with existing information 

from the corporate DW. RealTimeFMS contains the sequence of decisions made by the 

FMS operator during previous years, including 2010 and part of 2011. The output records 

are time-stamped so they can be integrated with the operation events. 

Several KPIs have been defined for the present analysis (Table 5.1). These are based on 

performance objectives relevant for the blending control process. They are associated 

with physical adjustments in the infrastructure, namely truck lock changes, shovel 

priority assignments, and crusher settings. The purpose of this analysis is to find out how 

the decisions made by the then-current crew operator impacted BTU outcomes. The 

flexibility of the OLAP cube is such that information from the decisions made can be 

displayed under different levels of granularity in time, i.e., by year, quarter, month, week, 

day, and shift. 
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Table 5.1 Control and Performance 

Control Mechanism Performance Objective 
Truck Locking Adjustments  Queue/hangtime balancing 

 Tons/mile driven 

 Empty vs. full distance ratio 

 Flow rates from active pits to crushers 

Crusher Rates  Queue at dump 

 (Loaded) Tons/hour or percentage loading time 

 Avg BTU delivered (lower is better) – to not give away coal 

 

Truck Locking Adjustments 

There are four possible locking status values for trucks, ‘unlocked’ being the default, i.e. 

the truck is freely assigned to any shovel to be loaded and to any dump point. Trucks can 

be alternatively ‘locked’, i.e. their destinations fixed either to a shovel, to a dump point, 

or to both. This feature of FMS produces diverse effects in load-haul-dump performance; 

for example, it may be advantageous to lock a high capacity truck to a high performance 

shovel, or to lock the truck to a dump point if this point is a hopper demanding coal of 

certain quality. The strategy is determined by the crew operator, and the DSS can help 

this operator by displaying the overall performance of trucks and their locking statuses 

during the entire shift as well as the previous performance of the other crews during the 

past days. A safe assumption is that all crews should have the same average target BTU 

over a particular date range (this is how coal sales targets are set). 

All the different truck lock statuses are defined by Equation 5.1, Equation 5.2, Equation 

5.3 and Equation 5.4: 
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 (5.1) 

 

 (5.2) 

 

 (5.3) 

 

 (5.4) 

 

 

Performance of trucks can be measured by associating lock changes with their production 

time (Equation 5.5). The average ready hours (ARH) for each unique lock change will 
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have an impact on crusher capacity setting, crusher blend setting, and adjustments in 

blend points. 

 (5.5) 

 

Shovel Performance Measurement 

Productivity of a shovel is measured by the queue time of trucks (Equation 5.6) and the 

time that the shovel is working versus the total time that the shovel is ready to work 

(Equation 5.7). By measuring hangtime (time when the shovel is not working), it is 

possible to track inefficiencies in the load cycle (Equation 5.8). 
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 (5.6) 

 (5.7) 

 (5.8) 

 

Haulage Performance Measurement 

For haulage, the components of performance measurement are tonnage carried and 

distances travelled by the trucks (Equation 5.9). Efficiency of the truck is different when 

loaded than when running empty, so this ratio also can provide a performance indicator 

for productivity (Equation 5.10 and Equation 5.11). 
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 (5.9) 

 (5.10) 

 (5.11) 

 

 

Example of Quantification of Settings with Performance: January 2011 

The DSS used for the experimental phase contains several components that show KPIs 

identified for helping crew operators to improve their overall performance. There is a 

direct relationship between user performance and production increase, as well as a more 
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controlled BTU variability. Performance indicators can be more efficient when the 

information is grouped and visualized using flexible selection criteria. The patterns 

identified provide insight into overall performance and productivity. Some of these 

results are only discovered by analyzing the data using charts produced by the OLAP 

cube since the volume of data makes traditional database querying inefficient. 

The characterization of all locks applied to trucks (Figure 5.1) is the basis for measuring 

the effectiveness of crew operators. The percentage proportion of lock changes made by 

each crew during a period of time (the same chart can be used for a day, last 7 days, or 

last month as well) can be associated with other performance measurements. This chart 

will be frequently consulted by crew operators, as the lock management becomes 

influential in the values of the rest of KPIs.  
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Figure 5.1 Lock Management over last 7 worked days 

The following charts describe the performance indicators generated and ways that the 

performance of crew operators can be compared, providing a source for scoring them 

according to the impact on the decisions made when applying locks. 

Queue Time. - When displaying the percentage of time that trucks are in queue (Figure 

5.2) for the last 7 days, crew operators can visualize their own performance and compare 

them to others’. This produces a “peer-pressure effect” that can be motivating for the 

current crew operator to surpass the performance of others. In the example, the crew that 

has made the lowest percentage value (No. 2) will be scored the highest among crews. 

When observing the Lock Management graph, Crew No. 2 has the highest percentage of 

load (trucks) locked to shovel. This type of association is the more powerful feature of 

centralizing DSS components in a single layout for the crew operators can make better 

decisions based on what they see in front of them. 
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Figure 5.2 Percent of Time in Queue 

A similar effect can be obtained when measuring the percent of hangtime (Figure 5.3); in 

this example, crew operator 3 has achieved the lowest percentage of hangtime for the last 

7 days. Having all the other KPIs displayed, the current operator can improve his/her 

performance by adjusting those elements listed in the corresponding variability scenario. 

 

Figure 5.3 Percent of Hangtime 
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The ratio between the tonnage hauled and the length of the haul road is an indicator of 

truck productivity. The higher the “ton-mile” measurement, the more productive the crew 

(Figure 5.4). 

 

 
 

Figure 5.4 Tons per Mile Driven 

 

Queuing trucks at the crusher bin (hopper) is another indicator of the effectiveness of the 

coordination of the crew operator at adequately distributing trucks. The average queue 

time is a negative indicator, so the crew that has the lowest value will be scored highest 

(Figure 5.5).  
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Figure 5.5 Average Queue Time at Crusher 

 

The ‘ready’ hours of trucks (no queues, delays, or breakdowns) are measured against the 

number of lock changes made during a period of time. In the chart shown in Figure 5.6, 

we can see that crew No. 3 obtained more ready hours for the operating trucks when 

compared to the number of lock changes. Crew operators reading this chart will infer that 

less locks applied during the same period of time, even though they seem to provide a 

higher number of ready hours, may not be sufficient to assure a better performance.   
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Figure 5.6 Locking adjustment over time period 

 

The combined value of shovel locks and shovel priority changes is another performance 

indicator that can provide a measurement of the impact in BTU variability and tonnage 

production (Figure 5.7).  
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Figure 5.7 Lock and Shovel Priority Changes 

 

 

A similar rationale is used for the ‘ready’ hours for shovels (this does not include delays, 

or breakdowns) when they are associated with the number of lock changes (Figure 5.8). 

In this way it is possible for the crew operator to find which decisions can help to make 

the required adjustments for performance improvement. 
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Figure 5.8 Shovel Ready Hours per Priority Changes 

 

A more thorough analysis of locks and productivity can be found when obtaining the 

average tonnage produced by shovels during the time the shovel is ready divided by the 

priority changes made during the period of time selected (Figure 5.9). 
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 Figure 5.9 Production per Ready Hour for Shovel Priority Changes. 

 

Ready hours per shovel can be divided by the number of blending adjustments at the 

crusher (Figure 5.10). 

The impact of the applied changes can be measured in the percentages and the ratios 

obtained by each KPI generated. A relationship between the KPI values for each crew in 

the same period of time (7 days is adequate for comparing two teams, whereas 4 weeks 

seems better for comparing 4 crews.)  
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Figure 5.10 Shovel Ready Hours per Blending Adjustments at Crusher 

 

Summarizing the total number of adjustments made by each crew supervisor during the 

last 7 days provides a reference to the current crew supervisor to improve individual 

performance (Figure 5.11). 

 

 

Figure 5.11 Adjustments performed by crew operator 
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As a preliminary conclusion, locking trucks to shovels yields more cycles than any other 

locking mode. Also when the distance for running empty is short, and the trucks are 

locked in any mode (except as “locked to both”), the result can be higher tons/mile 

driven. This may be explained by the crushers being the current bottleneck. From the 

information obtained reading the above charts, Crew 2 has less Average Queue Time per 

Crusher, with a higher Percent of Loads Locked to Shovel, and a higher number of 

Shovel Ready Hours per Blending Adjustments at Crusher.  

 

5.5 Scenarios for Blending Strategies 

For each operational situation, a combination of blending strategies can be achieved by 

the crew operator. To illustrate the decision process, strategies were grouped according to 

stage in the production chain. Reasoning and assumptions for the strategies taken help to 

support the choices made, as shown for Group 1 (Pits) in Table 5.2. Groups 2 to 8 are 

presented in Appendix E. 
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Table 5.2 Blending Strategies Group 1: Pits 

Case 

No. 

Description Impact Strategy Reasoning Assumptions 

Ble LO 

1-1 Coal quality 

changes abruptly in 

face. 

x x  Re-run 

regression. 

 Regression 

could be 

inaccurate. 

 Lab assays arrive 

on time.  

 Shovel can be 

relocated. 

x x  Change 
loading 

approach. 

 Operator could 
be loading 

waste. 

 Operator can be 
retrained. 

x x  Change truck 

distribution. 

 Compensate 

change of 

quality with 

coal from other 

pits. 

 Other pits have 

accurate quality 

values. 

1-2 Coal is depleted in 

pit. 

 x  Modify 

production 

plan. 

 Re-run 

regression. 

 Reassign 
shovel to 

another pit. 

 Surge and 

conserve tags 

require review. 

 New pits are OB 

free. 

 Shovel can be 

relocated. 

  

 

 

 

5.6 Experiment Procedure 

 

Decisions and Sub-Decisions 

 

All decisions related to blending control that can be performed at the research mine site 

are described in Table 5.3. Each decision has several sub-decisions associated with the 

infrastructure element or vehicle involved. Each sub-decision has been coded for easy 

identification in the process under analysis. 
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Table 5.3 Decision Table 

Decision Type Sub-Decision Type Code 

Crusher set points Blend D1-S1 

 Crusher Capacity D1-S2 

Truck shovel dump locks Unlocked D2-S1 

 Locked to Shovel D2-S2 

 Locked to Dump D2-S3 

 Locked to Both D2-S4 

Blend set points BTU property change D3-S1 

 Ash property change D3-S2 

 Moisture property change D3-S3 

 Sodium property change D3-S4 

 Sulfur property change D3-S5 

Shovel priority Priority (1-10) D4-S1 

 (Desired) tph setting D4-S2 

 

 

This decision table was applied to decisions made using real-time FMS, which allowed 

identifying the performance of FMS operators in the past. The same criteria were applied 

to the simulator outcomes to compare performances. 

 

5.7 Real-time FMS Results 

The DSS screen tracker, shown in Figure 5.12 and Figure 5.13, has been designed to 

display the changes performed by crew operators. The change tracker produces a 

‘snapshot’ of a time frame. For the current experiments, January 2011 is presented in its 

entirety.  
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Figure 5.12 DSS Change Tracker Screen 1 

 

 

Figure 5.13 DSS Change Tracker Screen 2 
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The purpose of the DSS change tracker is to visualize the number of changes made in 

each of the elements involved in blending control. 

 

5.8 Simulation Workflow 

 

 

The workflow of the simulator is presented in Figure 5.14. Once the historical data was 

retrieved, the DSS change tracker was adjusted to display the time frame at the users’ 

convenience. The information provided knowledge for making decisions under the 

simulation scenario. Pausing the simulator and verifying the intermediate results helps the 

user to decide next actions during the session. 

 

 

 

Figure 5.14 Simulator Experimental Workflow 

 

5.6.4 Simulation Results 
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Case Study 1 

Description: One crew operator simulating the same shift three times. 

Purpose: Measure the effectiveness of the simulator for a single crew operator using DSS 

information as a source of information for decision strategies. 

The date selected is January 14
th
, 2011, day shift. For that particular date, the train list 

retrieved from the historical database consisted of 13 trains. The details of each train are 

shown in Table 5.4. For the purpose of simplifying the simulation sessions, the car size 

for all train lineups has been averaged to 120 tons. Tonnages are calculated from the car 

capacity times the number of cars. Expected BTU values were randomly generated from 

historical trends. These parameters were kept consistent with the configuration of the 

simulator before starting the experiment. 

 

Table 5.4 Train List for Simulation Case Study 1 

Train List Tons per 

car 

No. of Cars Expected 

Tonnage 

Expected 

BTU 
120731 120 124 14,880 8700 

120732 120 145 17,400 8645 

120733 120 145 17,400 8800 

120734 120 145 17,400 8900 

120735 120 146 17,520 8800 

120736 120 146 17,520 8750 

120737 120 146 17,520 8800 

120738 120 145 17,400 8875 

120739 120 146 17,520 8690 

120740 120 145 17,400 8800 

120741 120 142 17,040 8675 

120742 120 144 17,280 8600 

120543 120 120 14,400 8600 

 

 

Expected values for impurities are shown in Table 5.5.  
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Table 5.5 Expected Coal Quality Values for Sessions 1-01, 1-02, and 1-03 

Train 

List 

Expected 

Moisture 

Expected 

Ash 

Expected 

Sodium 

Expected 

Sulfur 
120731 0.0 - 0.0 0 .0 - 5.0 0.0 - 2.0 0.0 - 0.0 

120732 0.0 - 0.0 0 .0 - 5.0 0.0 - 2.0 0.0 - 0.0 

120733 0.0 - 0.0 0 .0 - 5.0 0.0 - 2.0 0.0 - 0.0 

120734 0.0 - 0.0 0 .0 - 5.0 0.0 - 2.0 0.0 - 0.0 

120735 0.0 - 0.0 0 .0 - 5.0 0.0 - 2.0 0.0 - 0.0 

120736 0.0 - 0.0 0 .0 - 5.0 0.0 - 2.0 0.0 - 0.0 

120737 0.0 - 0.0 0 .0 - 5.0 0.0 - 2.0 0.0 - 0.0 

120738 0.0 - 0.0 0 .0 - 5.0 0.0 - 2.0 0.0 - 0.0 

120739 0.0 - 0.0 0 .0 - 5.0 0.0 - 2.0 0.0 - 0.0 

120740 0.0 - 0.0 0 .0 - 5.0 0.0 - 2.0 0.0 - 0.0 

120741 0.0 - 0.0 0 .0 - 5.0 0.0 - 2.0 0.0 - 0.0 

120742 0.0 - 0.0 0 .0 - 5.0 0.0 - 2.0 0.0 - 0.0 

120543 0.0 - 0.0 0 .0 - 5.0 0.0 - 2.0 0.0 - 0.0 

 

Shovel and truck lineup were originally retrieved from the historical database. For each 

session, the crew user adjusted the number of trucks and their respective availability 

(Table 5.6). 

 

Table 5.6 Number of Trucks and Shovels for Simulation Case Study 1 

CASE STUDY 1 Session 1-01 Session 1-02 Session 1-03 

Number of Trucks 30 28 31 

Number of Shovels 6 6 6 

 

As the primary objective is to control BTU variability, empirical scoring criteria have 

been developed for each of the outcomes of each simulation session. The actions related 

to BTU control have more weight, thus are scored higher than other actions performed 

during the simulation session. 



125 

 

 

 

As shown in Table 5.7, each train has been score according to the penalization criteria. 

The Tonnage-BTU score is the sum of all trains loaded. Results for the remaining 

sessions are presented in Appendix G.   

 

Table 5.7 Tonnage-BTU Score for Session 1-01 

Session 1-01 

Train 

List 

Initial 

Points 

Loaded 

Tons 

Avg 

BTU 

Diff 

Tons 

Pct. 

Diff 

Tons 

Penalty 

Tons 

Diff 

BTU 

Pct. 

Diff 

BTU 

Penalty 

BTU 

Score 

120731 100 2,173 8695 (12,707) (85.4) 42.7 (5) (0.05) 0.0 57.3 

120732 100 16,832 8713 (568) (3.3) 1.6 68 0.78 0.4 98.0 

120733 100 15,972 8696 (1,428) (8.2) 4.1 (104) (1.18) 0.6 95.3 

120734 100 17,158 8686 (242) (1.4) 0.7 (214) (2.40) 1.2 98.1 

120735 100 17,751 8748 231 1.3 0.7 (52) (0.59) 0.3 99.0 

120736 100 15,706 8783 (1,814) (10.4) 5.2 33 0.38 0.2 94.6 

120737 100 15,004 8707 (2,516) (14.4) 7.2 (93) (1.06) 0.5 92.3 

120738 100 16,718 8752 (682) (3.9) 2.0 (123) (1.39) 0.7 97.3 

120739 100 17,158 8729 (362) (2.1) 1.0 39 0.45 0.2 98.7 

120740 100 16,746 8752 (654) (3.8) 1.9 (48) (0.54) 0.3 97.9 

120741 100 6,051 8723 (10,989) (64.5) 32.2 48 0.55 0.3 67.5 

120742 100 7,806 8817 (9,474) (54.8) 27.4 217 2.52 1.3 71.3 

           

TOTAL TONNAGE-BTU SCORE 1,067.4 

 

 

Coal quality is also scored for each train, and the total score is the sum of all individual 

scores, as shown in Table 5.8. Results for the remaining sessions are presented in 

Appendix G. 
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Table 5.8 Coal Quality Score Session 1-01 

Session 1-01 

Train 

List 

Initial 

Points 

Avg 

Moisture 

Penalty 

Moisture 

Avg 

Ash 

Penalty 

Ash 

Avg 

Sodium 

Penalty 

Sodium 

Avg 

Sulfur 

Penalty 

Sulfur 

Score 

120731 100 27.822 27.8 4.656 0.0 2.031 2.0 0.231 0.2 69.9 

120732 100 27.733 27.7 4.657 0.0 1.954 0.0 0.233 0.2 72.0 

120733 100 27.944 27.9 4.679 0.0 2.010 2.0 0.231 0.2 69.8 

120734 100 28.053 28.1 4.685 0.0 2.042 2.0 0.230 0.2 69.7 

120735 100 27.690 27.7 4.674 0.0 1.952 0.0 0.228 0.2 72.1 

120736 100 27.473 27.5 4.637 0.0 1.853 0.0 0.227 0.2 72.3 

120737 100 27.955 28.0 4.715 0.0 2.075 2.1 0.229 0.2 69.7 

120738 100 27.673 27.7 4.674 0.0 1.945 0.0 0.228 0.2 72.1 

120739 100 27.804 27.8 4.700 0.0 1.998 0.0 0.229 0.2 72.0 

120740 100 27.668 27.7 4.673 0.0 1.943 0.0 0.228 0.2 72.1 

120741 100 27.833 27.8 4.688 0.0 1.998 0.0 0.230 0.2 71.9 

120742 100 27.271 27.3 4.604 0.0 1.761 0.0 0.225 0.2 72.5 
           

TOTAL COAL QUALITY SCORE 856.2 

 

 

 

Profit has been scored for each of the individual trains, indicating the estimated gross 

profit obtained with the selected average price. A score of 100 is given to the session 

yielding the highest profit; whereas the other results are penalized subtracting the 

difference in percent value, as shown in Table 5.9. Results for the remaining sessions are 

presented in Appendix G. 
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Table 5.9 Profit Score Session 1-01 

Session 1-01 

Train 

List 

Loaded 

Tons 

Penalty 

BTU 

Penalty 

Moisture 

Penalty 

Ash 

Penalty 

Sodium 

Penalty 

Sulfur 

Discount 

Factor 

Gross 

Profit 

120731 2,173 0.03 27.82 0.00 2.03 0.23 69.89  $      22,780.06  

120732 16,832 0.39 27.73 0.00 0.00 0.23 71.64  $    180,885.28  

120733 15,972 0.59 27.94 0.00 2.01 0.23 69.22  $    165,847.73  

120734 17,158 1.20 28.05 0.00 2.04 0.23 68.47  $    176,231.98  

120735 17,751 0.29 27.69 0.00 0.00 0.23 71.79  $    191,147.91  

120736 15,706 0.19 27.47 0.00 0.00 0.23 72.11  $    169,882.64  

120737 15,004 0.53 27.96 0.00 2.08 0.23 69.21  $    155,769.23  

120738 16,718 0.69 27.67 0.00 0.00 0.23 71.40  $    179,061.76  

120739 17,158 0.23 27.80 0.00 0.00 0.23 71.74  $    184,638.47  

120740 16,746 0.27 27.67 0.00 0.00 0.23 71.83  $    180,438.56  

120741 6,051 0.28 27.83 0.00 0.00 0.23 71.66  $      65,041.57  

120742 7,806 1.26 27.27 0.00 0.00 0.23 71.24  $      83,417.89  
          

TOTAL PROFIT $  1,755,143.09  

 Score 100.0  

 

 

Queues of trucks in front of shovels and in front of dump areas (counted for coal dumps 

only) are penalized as half the average number of seconds spent during the simulation 

session, as shown in Table 5.10. These penalties are subtracted from the initial 100 points 

assigned for this measurement. Results for the remaining sessions are presented in 

Appendix G. 

 

Table 5.10 Queue Score Session 1-01 

Session 1-01 

Initial 

Points 

Avg 

Queue 

Shovel 

Avg 

Queue 

Dump 

Penalty 

Queue 

Shovel 

Penalty 

Queue 

Dump 

Score 

100 211.5 22.8 50.0 5.7 44.3 
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Results of the simulations for the three sessions performed by the same crew operator 

were made available in the control room through integrated graphs on very large screens.  

An example of their comparisons is shown in Figure 5.15. See Appendix G for an 

explanation of each one of the graphs. 

 

 
 

Figure 5.15 Result Charts for Case Study 1 (Sessions 1-01, 1-02, and 1-03) 

 

 

For the final score, each of the separate scoring results is multiplied by the assigned 

weight and divided by the total weight (120). The resulting final score for each session is 

shown in Table 5.11. The highest score is achieved in Session 2. Results for the 

remaining sessions are presented in Appendix G. 
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Table 5.11 Total Final Score Session 1-01 

Session 1-01 

 Weight  

Minimize BTU 

Variability 

Tonnage & BTU Score 

1,067.4 30 32021.211 

Maximize Coal 

Quality 

Moisture, Ash, Sodium 

& Sulfur Score 856.2 20 17123.429 

Maximize Profit Profit Score 100.0 40 4000.000 

Maximize 

Infrastructure 

Utilization 

Queue Score 

44.3 30 1328.942 

TOTAL WEIGHT 120 54473.582 

TOTAL FINAL SCORE 454 

 

 

Case Study 2 

Description: Two crew operators simulating the same shift. 

Purpose: Measure the effectiveness of the simulator in individual sessions performed by 

different crew operators using DSS information as a source of information for decision 

strategies. 

The date selected is January 22
nd

, 2011, day shift. For that particular date, the train list 

retrieved from the historical database consisted of 12 trains. The details of each train are 

shown in Appendix G. 

 

Case Study 3 

Description: One crew operator simulating the same shift ten times. 

Purpose: Measure the effectiveness of the simulator in individual sessions performed by 

the same crew operator, changing diverse operation parameters and using DSS 

information as a source of information for decision strategies. 
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The date selected is January 14
th
, 2011, day shift. For that particular date, the train list 

retrieved from the historical database consisted of 13 trains. Total Final Score for Case 

Study 3 is shown in Table 5.12. The details of each train are shown in Appendix G. 

 

Table 5.12 Total BTU Variability Case Study 3 (Sessions 3-01 to 3-10) 

 

 

3-01 3-02 3-03 3-04 3-05 3-06 3-07 3-08 3-09 3-10 

BTU Diff 

1 (85) (108) (92) (95) 43 (108) (108) (92) (108) 

(103) (31) (1) (125) 11 (44) (44) (38) (125) (45) 

158 172 151 162 141 136 146 138 136 141 

210 270 253 272 237 239 238 234 277 425 

93 153 151 162 138 131 131 140 137  

33 97   86 90   84  

144 156   131 143   154  

          

     Pct.     

 BTU Diff <=100  18 31%     

 100<BTU Diff<=200  30 51%     

 200<BTU Diff<=300  9 15%     

 BTU Diff>300  1 2%     

   Total 59      

 

5.9 Data Reliability and Validity 

For each case study, there is a list of expected BTU values that represent the goal to be 

achieved. A simple test measuring the standard deviation of the BTU results of the 

simulator are shown in Tables 5.13 to 5.15. 
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Table 5.13 Statistical Measurements for Simulated BTU Variability - Case Study 1 

      

Shipment 
Expected 

BTU 
1-01 1-02 1-03 

Diff 

1-01 

Diff 

1-02 

Diff 

1-03 

(per Shipment) 

Variance Stdev 

S1-1 8700 8695 8742 8768 5 (42) (68) 1,369.0 37.0 

S1-2 8645 8713 8714 8722 (68) (69) (77) 24.3 4.9 

S1-3 8800 8696 8759 8673 104 41 127 1,982.3 44.5 

S1-4 8900 8686 8763 8660 214 137 240 2,869.0 53.6 

S1-5 8800 8748 8749 8689 52 51 111 1,180.3 34.4 

S1-6 8750 8783 8795 8692 (33) (45) 58 3,172.3 56.3 

S1-7 8800 8707 8740 8660 93 60 140 1,616.3 40.2 

S1-8 8875 8752 8761 8649 123 114 226 3,872.3 62.2 

S1-9 8690 8729 8758 8678 (39) (68) 12 1,640.3 40.5 

S1-10 8800 8752 8749 8663 48 51 137 2,554.3 50.5 

S1-11 8675 8723 8751 8679 (48) (76) (4) 1,317.3 36.3 

S1-12 8600 8817 8762 8634 (217) (162) (34) 8,816.3 93.9 

S1-13 8600  8762  8,600 (162) 8,600 25,590,881 5,059 

 

(per 

Session) 

Variance 5,674,917 9,289 5,604,593      

Stdev 2,382 96.4 2,367.4      

 

 

 When variability is measured per Shipment, the most effective is Shipment S1-2 

(Shipment 120732), with a Standard Deviation of 4.9 

 When variability is measured per Session, the most effective is Session 1-02, with 

a Standard Deviation of 96.4 

 For a threshold of 35, 2 out of 13 Shipments have a lower Standard Deviation, 

resulting in an effectiveness of 15.4% 

 The smallest BTU difference is -4, achieved on Shipment 1-11 in Session 3.  
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Table 5.14 Statistical Measurements for Simulated BTU Variability - Case Study 2 

 

Shipment 
Expected 

BTU 
1-01 1-02 

Diff 

1-01 

Diff 

1-02 

(per Shipment) 

Variance Stdev 

S2-1 8800 8825 8825 (25) (25) 0.0 0.0 

S2-2 8750 8746 8767 4 (17) 216.6 14.7 

S2-3 8900 8721 8780 179 120 1709.0 41.3 

S2-4 8625 8784 8737 (159) (112) 1122.5 33.5 

S2-5 8650 8677 8655 (27) (5) 246.1 15.7 

S2-6 8800 8698 8648 102 152 1252.0 35.4 

S2-7 8770 8660 8671 110 99 57.0 7.6 

S2-8 8600 8682 8670 (82) (70) 77.7 8.8 

S2-9 8800 8688 8650 112 150 739.6 27.2 

S2-10 8850 8682 8699 168 151 155.5 12.5 

S2-11 8900 8676 8658 224 242 164.2 12.8 

S1-12 8675  8656 8,675 19 37,465,500 6121 

 

(per 

Session) 

Variance 6,205,208 11,693     

Stdev 2491.0 108.1     

 

 When variability is measured per Shipment, the most effective is Shipment S2-1 

(Shipment 0), with a Standard Deviation of 0 

 When variability is measured per Session, the most effective is Session 2-02, with 

a Standard Deviation of 108.1 

 For a threshold of 35, 8 out of 12 Shipments have a lower Standard Deviation, 

resulting in an effectiveness of 66.7%, attributable to Crew Operator 2. 

 The smallest BTU difference is 4, achieved on Shipment 2-2, by Crew Operator 

1.  
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Table 5.15 Statistical Measurements for Simulated BTU Variability - Case Study 3 

Shipm

ent 

Expec

ted 

BTU 

3-01 3-02 3-03 3-04 3-05 3-06 3-07 3-08 3-09 3-10 

(per 

Shipment) 

Varia

nce 

Std

ev 

120731 8700 8699 8785 8808 8792 8795 8657 8808 8808 8792 8808 2,816.4 53.1 

120732 8645 8748 8676 8646 8770 8634 8689 8689 8683 8770  8690 2,294.8 47.9 

120733 8800 8642 8628 8649 8638 8659 8664 8654 8662 8664 8659 152.2 12.3 

120734 8900 8690 8630 8647 8628 8663 8661 8663 8666 8623 8475 3,570.4 59.8 

120735 8800 8707 8647 8649 8638 8662 8669 8669 8660 8663  386.3 19.7 

120736 8750 8717 8653   8664 8660   8666  660.2 25.7 

120737 8800 8656 8644   8669 8657   8646  97.6 9.9 

120738 8875             

120739 8690             

120740 8800             

120741 8675             

120742 8600             

120543 8600             

 

(per 

Session

) 

Varianc

e 

11,54

1.5 

15,17

4.5 

20,43

9.7 

30,40

6.2 

11,45

4.8 

7,87

6.7 

20,58

9.7 

19,98

2.6 

20,38

5.8 

57,22

5.5 
  

Stdev 107.4 123.2 143.0 174.4 107.0 88.8 143.5 141.4 142.8 239.2   

 

 When variability is measured per Shipment, the most effective is Shipment 

120737, with a Standard Deviation of 9.9 

 When variability is measured per Session, the most effective is Session 3-06, with 

a Standard Deviation of 88.8 

 For a threshold of 35, 4 out of 9 Shipments have a lower Standard Deviation, 

resulting in an effectiveness of 44.4%. 

 BTU differences are analyzed and presented in Appendix G.  
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Analysis of the overall approach 

Measurement of BTU variability is relative to the number of sessions performed for each 

Case Study. When the approach is centered on a single user, as it occurs in Case 1 and 

Case 3, the changes of strategies between sessions can provide indications of better 

strategies, i.e., yielding the smallest Standard Deviation. When the goal is comparing the 

performance of two different crew operators, as in Case 2, the results are attributable to 

the strategy taken during the session. Setting a threshold for expected values helps to 

define a level of confidence in the measurement of variability. The scoring approach is a 

helpful indicator for comparisons between performances, either for sessions by the same 

user or by different users. The ranges for scoring are flexible to be adapted in different 

operating conditions. None of the results are absolute indicators of actual effectiveness of 

the measurement methodology, but provide a consistent and repeatable means of 

assessing the performance of the blending process. 
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CHAPTER 6. CONCLUSIONS AND RECOMMENDATIONS 

 

Measuring the effectiveness of a DSS presents many challenges, the issue was not the 

lack of data, since there was likely more data available than any previous similar study in 

mining, but rather synthesizing the highly abundant data into clear measures of 

performance. Nevertheless, the research provided several topics that contributed to the 

development of a methodology for achieving a consistent measurement of effectiveness. 

Understanding the production process, learning from historical performances, building a 

DSS in a centralized environment that responds to the requirements of crew operators, 

and finding the ways of testing different scenarios while keeping track of the actions that 

may impact in the outcomes open a vast possibility of measuring the impact of decision 

support tools. 

6.1 Summary of Study 

This doctoral dissertation research integrates DSS theory, control room design and 

implementation, and an empirical methodology for measuring the effectiveness of the 

DSS in blending for large-scale coal operations. 

Two representative Case Studies were selected to numerically demonstrate the 

effectiveness of using a DSS to assist crew operators in decision making. 

Validation of experimental tests has been achieved using elemental statistical tools. 
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6.2 Findings 

The design and implementation of a DSS for blending control helped quantify the impact 

of various strategies in the highly complex overall production and quality processes. The 

information provided by the DSS assisted crew operators using the simulator in  

reproducing full production cycles and validating the outcomes by comparing them with 

historical results. 

The DSS can: 

 Increase process certainty, since BTU variability and statistical validation of the 

results could be numerically measured. 

 Product quality improvement, as the variability of impurities could be monitored 

in detail. 

 Control of process efficiency, as queue times in shovels and dumps were directly 

impacted by regulating the number of trucks. 

 Expansion of information availability, as the Change Tracker screens provided the 

detailed performance of all crew operators during the working month. 

 Motivation of operators, as the performances of their own crews can be compared 

with other crews. 

 Training reinforcement, as the experiments and measurement of results are fully 

repeatable. 
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6.3 Issues 

 During intermediate stages of simulation sessions, it was difficult for users to 

obtain a clear status of the values to be controlled. 

 Train names were not properly retrieved from the historical databases for Case 

Study 2. This did not affect the execution of the tests, but will become part of a 

list of requirements for improving the simulator. 

 Several limitations were found when using the simulator: 

a) The capability of reproducing time frames. The simulator has two possible 

operating modes: a snapshot of the present time, and a date in the near 

past. The former allows simulating events in the future based on the 

current operating parameters, whereas the latter utilizes historical 

information from the production databases to create the simulation model, 

and the results are stored to be compared with the production and quality 

results of the past. 

b) The restriction to include actual breakdowns. The simulator starts 

functioning with the existing operating conditions, and the change of 

status of equipment can only be introduced by suspending the simulation 

process. 

c) The restrictions in testing time allow consistent simulations a few days 

ahead, as the simulation results may vary considerably from historical 

records after that period of time. The simulator can be very effective from 

single-shift to entire week approximations. 
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d) BTU variability has been used as a proxy for measuring performance of 

the crew users when using a DSS for decision making. However, 

measuring the effectiveness shall include tests for perception and user 

acceptance of the DSS.   

e) Much of the results of the simulation and the decisions that operators 

make after having run the simulator will depend on the experience, the 

skills and the willingness of operators to contribute in the implementation 

of a DSS. These elements will also become part of the measurement of the 

effectiveness of the DSS. 

 

6.4 Conclusions 

 

 The DSS prototype is a convenient platform for developing more robust tools 

based on expert systems theory and for developing more intuitive interfaces. 

 The effectiveness of a DSS can be numerically measured. 

 For the Case Studies presented, the common factor that increases the level of 

success of controlling BTU variability is the number of trucks, which directly 

affect the queue times in shovels and dumps.  

 Resulting values can be analyzed using business intelligence tools that will 

provide visualization and understanding of the DSS performance at different 

levels of granularity. 

 The methodology presented can be applied to other production-related processes. 
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 The DSS control room represents a convenient platform for new systems 

integration and for improved training of new users. 

 

6.5 Recommendations 

When the measurement of effectiveness includes comparison between users, this 

measurement may have collateral effects on the results. Users can improve by analyzing 

historical performance. However, when they are overexposed, i.e. when their 

performance is displayed in public, they may be reluctant to continue using the DSS. A 

program of training and a redesign of the performance visualizations must be considered 

in order to avoid situations that may confront users. The DSS opens the opportunity for 

training programs and educating users more deeply in the analysis of the information 

provided by the DSS. 

 

Future research should include improvements and new research options: 

 For the simulator: 

a) When running in HISTORICAL mode, it should reproduce the performance 

of unlocked trucks, and randomly assign trucks to shovels and dumps 

following traffic rules and existing production conditions. 

b) Extend the list of available trains. A random list of trains should be available 

for performance tests beyond the existing historical list, or for testing new 

scenarios in NOW mode. 
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c) Plug in the blending calculation utilities for supporting blending strategies for 

crew operators. 

d) Introduce random breakdowns and seasonal weather changes to test more 

complex operation conditions. 

e) Test more thoroughly the train reshuffling, as it may provide results of new 

strategies for blending control. 

 For the production process: 

a) Refine the accuracy of calculation of the actual contents of silos through finite 

element analysis or a similar approach. 

b) Include “short” sample information for internal calculations. This will provide 

an acceptable level of confidence in the intermediate results. 

c) Incorporate contract rules and quality estimation modules as supporting 

information. 

d) Integration of the DSS-Simulator with Adherence to Mine Plan (MPL) and 

Fleet Cost Management (FLC) modules for a more comprehensive set of 

decision support tools. 

 For the end user: 

a) A combined analysis of frequency of use and the level of satisfaction inferred 

from the degree of acceptance of the obtained results  could be a relevant 

effectiveness measurement. 
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b) Focusing on the performance of operators by including empirically-derived 

models and human factors will provide new perspectives in DSS 

development. 

 

 For general research: 

a) Consider the development of expert systems for generating possible solution 

paths and create a knowledge base that can incorporate actual (historical) 

production cycles as well as simulated scenarios for situation analysis and 

training purposes. 

b) Implementing a centralized control room for advanced supervision of the 

blending process in a large-scale coal mine opens new possibilities in the 

development of other centralized supervisory systems in areas where tactical 

decisions are made through complex strategic and real-time information. 

c) The research performed for the present project shall become the starting point 

for developing new ways to test whether or not the DSS is effective. Elements 

such as ergonomics, cognitive response, user perception, time for decision 

making and overall satisfaction are key for expanding test approaches. 

  

Measuring DSS performance for complex near real-time production management 

continues to be a research domain rich in opportunities as technologies that track 

equipment and processes continue to be implemented in mines. Key areas for 

improvement are finding means of addressing the complexities of the production process 
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without oversimplification and hence reducing the amount of data considered in models.  

Instead, new research should embrace the large volumes of data and adapt or create new 

tools and techniques that account for the complexities. Other areas of service industries 

now focus on massive volumes of data resulting in new business models for marketing 

and supply chain management. It is likely that mine production optimization will be 

similarly transformed.  

  



143 

 

 

 

APPENDIX A – DATA INTO ACTION 

 

The Data into Action research program (Benito and Dessureault, 2008) is a systematic 

approach to concentrate data into information, which is used to develop knowledge, 

which in turn is acted upon by redesigning processes.  

 

Data   Information  Knowledge  Action 

 

The data step focuses on data preparation and characterization. The data collected in 

mines typically have errors and inconsistencies that require correction and transformation 

for integration with other sources. 

The following activities are required in data characterization: 

Documenting the metadata (if none already exists) and diagramming relationships 

Verifying that all primary keys are unique 

Identification of the important measures and attributes 

Finding and documenting errors and inconsistencies 

Correction of data issues using SQL code 

Identifying the lowest level of granularity for each data source 

 

The sourced databases that have been reviewed are: 
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Real-time FMS (based on the database structure of Dispatch®) 

Loading and hauling (data extracted from PowerView) 

A corporate DW 

 

The Information step involves integrating data sources and calculating key performance 

measurement variables important to the business process under investigation. Integrative 

elements are concepts realized as attributes (a column in a table) that two disparate 

databases have in common. The following steps are used in determining integrative 

elements: 

a. Identify or derive a potential common concept/attribute, most likely through 

primary and foreign keys. 

b. Test for granularity (level of detail). 

c. Create the integrative (cross reference) table using SQL as a view, or prepare a 

foreign key in a particular table. 

d. Test the data integration by querying the integrated data set to ensure logical 

consistency.  

 

The Knowledge step involves the identification or quantification of relationships between 

input and output variables, and the definition of models where these variables can be 

tested and validated. Knowledge can be achieved by building on-Line analytical 

processing (OLAP) cubes from which a domain expert can easily pose what-if scenarios 

to the entire data set. For example, particular lines of inquiry (analyses) of crew 
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performance can be implemented using OLAP so as to allow users a means of efficiently 

exploring the data. Using an OLAP cube in this way will also identify which data mining 

approaches would be most appropriate. Other, more machine-learning approaches can be 

used, namely data mining tools, for example, the development of a key performance 

indicator for truck locks. 

 

The Action step is the resulting strategy performed by the decision maker after analyzing 

all the elements of judgment available. With a consistent data source, the information that 

can be obtained, and the knowledge built from it, the impact of the action applied must 

add value to the process under study, opening new possibilities for a more effective 

process improvement and optimization.  
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APPENDIX B – PROCESS MAPS 

 

When technology was implemented to help defining the quality of delivered coal, the 

main approach was supervision of critical stages of production and blending to control 

variability. The first component of this supervisory system was the FMS, with 

capabilities of truck and shovel scheduling and monitoring, enhanced with utilities for pit 

blending and storage blending calculations. Adjustments in shovel/truck distribution 

helped to adjust coal quality from the pits to the crushers, whereas adjustments in the 

silos helped to assure a more consistent coal quality in the loadout facilities. These 

estimates had to be verified twice during the day, after unofficial assay results of the 

provisional samples were obtained from the laboratory.  

The second component of this supervisory system included a SCADA-type of real-time 

monitoring of blending infrastructure. Visual displays of infrastructure animations helped 

the fleet management operator to identify process flow bottlenecks and to keep control of 

the values of BTU and impurities in the delivered coal. Other components that 

contributed to ameliorate coal quality were train lists and surveillance cameras located on 

critical points in the operation. A maintenance tracking system, and an ERP system that 

provided ad-hoc reports and generic performance indicators were additional tools 

incorporated into the supervisory solution. 

There was however a constraint in knowing the intermediate quality values or the 

requirements of incoming trains with sufficient anticipation in order to make the 
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necessary adjustments in certain operational parameters. Information regarding coal 

quality after leaving the pit was reduced to rough estimations. Databases were created to 

keep record of intermediate measures, mostly from PLC components of scales and 

sensors at the hoppers, the top of the silos and the top of the loadout facilities. These 

efforts, however, were not fully developed, and the data obtained was used for reference 

only. As a result, it was not possible to determine the actual values of BTU and 

contaminants delivered, so it was always better to give away some high quality coal in 

shipments associated with critical contracts, thus providing a safety buffer in order to 

avoid possible rejections or suspensions. 

As part of the modernization and integration of efforts, the implementation of supervisory 

procedures using modern technology was proposed by the Continuous Improvement Area 

of the partnering mine company, as a means of reinforcing supervision and keeping the 

production and quality results, in particular BTU values, within an acceptable range. A 

component that was never considered before was a DSS built into a control room that 

would include new components covering aspects that were previously neglected due to 

the limitations of existing technology. The proposal was developed as research work, but 

its deployment in the site was not fully accepted, due to the following reasons: 

 The existing technology was sufficient for allowing the continuity of the 

production and shipping processes. 

 The strategies utilized by fleet management operators in pit blending and silo 

blending seemed to be good enough for the current quality demands. 
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 The level of communication between the areas involved in blending provided the 

necessary information to apply strategies and some decisions, regarding blending 

outcomes. 

 The fact of receiving the lab assays three days after the train has left the mine site 

cancels any possibility of timely verification of the quality of the delivered coal.  

 The magnitude of losses due to lack of control over blending was never raised as 

a critical issue. 

 The reluctance of change found in crew operators, many of who already 

participated in the first wave of technology implementation, was strong, and 

included a component of disbelief that more technology could help beyond the 

existing capabilities. 

In order to capture the whole dynamics of the production process and to be able to 

identify which components were relevant for blending, a documenting methodology 

based on cross-functional process mapping was used. The following elements were 

included in the analysis: 

 People – Actors in each process stage and the functional review of their tasks. 

 Key inputs – Most of these were documents with information obtained in 

previous processes that became essential data for the next processes. 

 Prioritization and opportunities – The existing process flow could be reviewed 

and optimized, giving emphasis in the elements that would provide the 

sources for decision-making. 
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The field analysis in Section 1 (Figure B.1) covered the following areas: 

 

 Contracts. – Input documents: Monthly Customer List (train schedule 

obtained from NCTA), Final Lab Assays and rules for penalizations and 

premiums (from Contract Specifications), which impacted directly in the 

decisions for pit selection and blending strategies. Output documents: 

Adjusted Min-Max report (BTU ranges per contract), Customer Watch List. 

 Engineering. – Input documents: Budget Plan and Drilling Plan (from Long 

Range Planning mine model). Output documents: Short Range Planning, 

Quality Plan, Forecast report (for ERP), Major Equipment Mmoves. 

 Quality. – Input documents: Mine modeling geological layer and regression 

model from previous 100 trains. Output documents: Quality Estimation (new 

regression calculation), Soda-Ash report. 

 Rail Link. – Input documents: Train lineup report. Output documents: Train 

Manifest. 

 Expediter. – Input documents: On Line Train Lineup, Customer Contract 

Loading Sheet. Output documents: Shipment Line Up report. 

 

The field analysis in Section 2 (Figure B.2) covered the following areas: 

 Logistics Cockpit. – Input documents: Railroad websites, Contract List, Train 

Manifest, Mine Shipment Summary. Output documents: Shipment Lineup, 

At-Mine Manifest. 
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 Fleet Management. – Input documents: Mine Plan, Soda-Ash report, Mine 

Shipment Summary, Min-Max report, Maintenance Schedule, Contract List. 

Output documents: Sample Log, Soda-Ash report (Silo percentage) 

 Loadout. – Input documents: Rail Link schedule of trains, Blending 

instructions, Train Manifest. Output documents: Loadout report (with Special 

Treatments). 

 Assay Lab. – Input documents: assays. Output documents: Assay reports, 

updated Sample Log. 

 

After reviewing the existing procedures and completing observations of processes and 

document flow, it was possible to understand the transition from production to 

blending under particular circumstances. Based on actual events during production, a 

series of possible scenarios were defined, which could be incorporated in the 

simulation module currently under development. 

The benefits obtained with the process mapping were:  

• To produce a decision workflow map for the loading and blending processes, that 

describes the exact steps performed. 

• To have an enhanced understanding of the existing challenges and setting the 

work plan for developing a DSS solution for blending control. 

• To identify specific areas within the blending process that needed adjustments or 

improvement. 
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Figure B.1 Process Map Section 1 
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Figure B.2 Process Map Section 2 
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APPENDIX C – THE DECISION-MAKING PROCESS 

 

 

The process of making decisions using a DSS is an iterative cycle as illustrated in Figure 

C.1. It begins with the recognition of the problem, the definition required for develop a 

decision model, including alternatives from which to choose, and the implementation of 

the solution, which may succeed or fail. The process can be repeated as many times as 

necessary until obtaining a satisfactory result. In many other industries, this was found 

under the concept of “situation room”, where visual solutions are gathered to facilitate 

problem solving during critical moments” (Christie, 2012). For the coal mining 

production process, a design for a control room for decision making starts by identifying 

the elements that will be analyzed during operation and the decisions associated with the 

process itself. In first place, comes the problem recognition. Prior to the systems analysis, 

it may not be clear whether all actors are aware of the existence of a given problem. This 

can be, for example, a final result in blending, or a delay due to an unknown cause. A 

problem with more complexity might involve more actors and other components as well. 

Reproducing the problem and detecting its occurrence under alternative parameters may 

be valid if this information is always available and easy to repeat. This allows modeling 

the problem and the possibility of study alternative analyses, which will provide choices 

for a complete implementation of the feature in the final Control Room design. 

The integration of decision support and knowledge management for the purpose of 

enhancing the quality of support provided to decision managers is discussed by Bolloju, 
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Khalifa and Turban (2002). One of the benefits that can be identified is the enhanced 

quality of real-time adaptive decision support with added knowledge management 

functions that will allow decision takers to acquire, create, exploit and accumulate 

knowledge from operations. Another benefit is that using analysis tools, it is possible to 

discover patterns that may help to infer possible performance trends. 

 

 

Figure C.1 The decision-making process (Shim et al. 2002 as in De Kock, 2003) 
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APPENDIX D – DSS DETAILS 

 

A Web-based DSS for the experiment was designed using Microsoft SQL Server 

databases and SQL Server Reporting Services (SSRS). The system includes functions 

required for user support (summarized in Table 2) and can support all phases of the 

decision-making process (see section 2.7). These functions represent six basic DSS 

functions: selection, aggregation, estimation, simulation, and optimization. For instance, 

the system can display daily transaction data of each of the key production processes: 

operating pits (selection), shovel loading rates, truck performance, silo capacity 

(aggregation), estimated coal quality (estimation), what-if scenarios for truck breakdowns 

or road blockings (simulation), and re-shuffling trains or rearranging belts and gates 

(optimization). Subjects can also use technical indicators and other analytical tools such 

as MPL to forecast planning/production trends for the shift, FLC for each haulage 

assignment, and other performance indicators. Certain operational information, such as 

number of truck locks, trucks down, or the preventative maintenance schedule can also be 

examined. Furthermore, the subject can use the system to estimate and simulate the 

production and quality performance in different scenarios. Figure D.1 shows a sample 

screen of the DSS that will be described in detail in the present chapter. 
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Figure D.1 DSS screen 
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The components described for Coal Blending are: 

Shovel loading rates (SLR) (Table D.1), SLR decision elements (Table D.2), shovel 

priority and truck locking (SPTL) (Table D.3), SPTL decision elements (Table D.4), 

crusher capacity rates (CCR) Table D.5), CCR decision elements (Table D.6),  BTU 

variability (BTUV) (Table D.7), and BTUV decision elements (Table D.8). 

Coal Blending 

Table D.1 Shovel Loading Rates (SLR) 

Component: 01-01 Coal & OB Shovel Loading Rates (Figure D.2) 

Layout 

Description: 

Loading rate for all shovels in coal for the current hour (tons/hr) 

Instant loading rate for all shovels in coal for the current hour (instant tons/hr) 

Loading rate for all shovels in overburden for the current hour (tons/hr) 

Instant loading rate for all shovels in overburden for the current hour (instant tons/hr) 

Purpose: To provide a real-time visualization of shovel loading rates in the pits and in 

overburden areas. 

Benefits: The operator can visualize the loading rates and instant loading rates of each operating 

shovel, either in coal or in overburden, and compare them during the current hour. 

Data sources: 

 

Database: RealTime FMS 

Table: MINE Cycle data 

Calculations: Hourly Loading Rate: (all loadtons / non-delay seconds) x 3600 = tons/hour 

Instant Loading Rate: (individual loadtons / loading seconds) x 3600 

Refresh rate: Every hour. 

 

 

 

Figure D.2 Coal & OB Shovel Loading Rates 
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Table D.2 SLR Decision Elements 

Situation Classification Decision options Impact 
Decrease in shovel 

performance 

Productivity  Notify shovel operator 

 Redistribute trucks 

 Modify truck locking 

 Verify site operating 

conditions 

 Increase in running 

trucks 

 Increase in production 

rate 

 

Best Practices: 

 Identify the more productive shovels and operators by comparing loading rates. 

 Redistribute the flow of trucks to the operating crushers. 

 Combine truck locking to obtain the maximum advantage of truck capacity. 

 

 

Table D.3 Shovel Priority and Truck Locking (SPTL) 

Component: 01-02 Shovel Priority and Truck Locking (Figure D.3) 

Layout 

Description: 

The priority assigned to a shovel and the number of trucks being attended and the locks 

associated are displayed for every hour of the shift. 

Lock types (LOCKED TO SHOVEL, LOCKED TO DUMP, LOCKED TO BOTH or 

UNLOCKED) are assigned to a truck and can be changed for every distinct hour of the 

shift if required. 

Purpose: To provide a visualization of priority assignment and number of trucks (and their lock 

status) during the whole shift. 

Benefits: The operator can visualize the shovel priorities and truck locks and relate them with 

the current loading rates from dashboard 01-01. 

Variation of truck queues can be associated to changes in shovel priority and truck 

locking. 

Data sources: 

 

Database: RealTime FMS 

Tables: MINE Locks Data, MINE ShvPrior Data, MINE Cycle Data 

Shovel priorities and truck lock statuses are extracted and characterized to be presented 
for every hour of the shift, for coal and overburden. 

Calculations: Cumulative number of trucks attended per shovel during an hour. 

Refresh rate: Every hour. 
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Figure D.3 Shovel Priority and Truck Locking 

 

Table D.4 SPTL Decision Elements 

Situation Classification Decision options Impact 
Decrease loading rates 

(from dashboard 01-

01) 

Productivity  Notify shovel operator 

 Reassign priorities 

 Modify truck locking 

 Increased loading rates 

Queue in Hopper 

incresase 

Performance  Redistribute trucks using 

FMS 

 Reassign priorities 

 Modify truck locking 

 Reduction of queues in 

Hopper  Increased 

productivity 

 

Best Practices: 

 Visualize in parallel with dashboard 01-01 (shovel loading rates) 

 Associate loading rates with shovel priorities and truck locks. 

 Balance truck queue with blending requirements and adherence to mine plan. 

 

Table D.5 Crusher Capacity Rates (CCR) 

Component: 01-03 Crusher Capacity Rates Dashboard (Figure D.4) 

Layout 

Description: 

Actual capacity rate vs. maximum capacity for each one of the operational crushers 

during every hour of the shift (tons/hr) 

Purpose: To provide a real-time visualization of crusher performance by the hour during the 

entire shift. 

Benefits: Actual values are compared to maximum capacity settings. 

Data sources: 

 

Database: RealTime FMS 

This is a database of recorded settings from FMS operators under current operating 

conditions. Data is obtained by extracting the latest records required to update the real-

time displays. 
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Table: MINE crusher rates data 

Crusher rates are extracted and characterized in order to present the information in 

different levels of granularity. 

Calculations: Crusher rate per hour, maximum capacity setting 

Refresh rate: Every hour. 

 

 

 

Figure D.4 Crusher Capacity Rates 

 

Table D.6 CCR Decision Elements 

Situation Classification Decision options Impact 
Reduction of crusher 

capacity 

Productivity  Adjust crusher settings 

 Redistribute trucks 

 Reassign truck locks (LOCK 

TO DUMP) 

 Readjustment of 

crusher throughput 

 Modification of truck 

routes 

 

Best Practices: 

 Identify the most appropriate setting for each crusher (according to the production 

requirements) 

 Run simulator for alternative shovel/truck combinations 

 Redistribution of coal flowing from pits 

BTU Variability 

The goal of the DSS is to assist in controlling the BTU delivered to customers (trains). 

Measuring the BTU variability from the silo is a KPI that can help providing a more 
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uniform BTU to each shipment. Visualizing the loadout performance during the last 7 

days can give the crew operator a reference for making adjustments in the upcoming 

shipments. 

 

 

Table D.7 BTU Variability (BTUV) 

Component: 01-04 BTU Variability (Figure D.5) 

Layout 

Description: 

Hourly BTU variability in each silo, indicated by source pit. 
BTU variability on each loadout, indicated by customer, showing three types of sample 

values: estimated, quick, and final, for the last 7 days. 

Purpose: To provide a visualization of BTU values in silos and loadout facilities. 

Benefits: The operator can visualize BTU values and track the variation from silos to loadout. 

Data sources: 

 

Database: RealTimeFMS 

This is a database of recorded settings from dispatch operators under current operating 

conditions. Data is obtained by extracting the latest records required to update the real-

time displays. 

Table: MINE Blend Points Data 

Shovel load cycles performed are extracted and characterized in order to present the 
information in different levels of granularity. 

Calculations: Average BTU per silo, Average BTU per loadout (East and West) 

Refresh rate: Every hour. 

 

 

 

Figure D.5 BTU Variability and 7-Day Comparison 
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Table D.8 BTUV Decision Elements 

Situation Classification Decision options Impact 

Change in BTU from 

silos to loadout 

Blending  Verify blending settings 

 Redistribute silo proportions 

 Average quality in 

silos 

 Modification of circuit 

layout 

BTU values in loadout 

far from required 

Blending  Stop loading out 

 Redistribute silo proportions 

 Loadout throughput 

 Average quality in 

loadout 

 

 

Best Practices: 

 Identify the level coal and quality in each silo; 

 Run simulator for alternative silo combinations; 

 Redistribute coal flowing from silos. 

Shovel Performance Indicators 

A different set of performance indicators was created for supporting the crew operator. 

The Shovel KPI screen (Figure D.6) displays measurements of performance for shovels, 

including hourly and instant loading rates grouped by different criteria, production rates 

vs. actual capacity, and truck routing capacity for each shovel during the current shift. 

The components described for Shovel Performance Indicators are: 

Loading rates (SPIRL) (Table D.9), SPIRL decision elements (Table D.10), shovel 

capacity tracking (SCT) (Table D.11), SCT decision elements (Table D.12), truck routing 

capacity (TRC) (Table D.13), and TRC decision elements (Table D.14). 
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Figure D.6 Shovel KPI screen 
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Table D.9 Loading Rates (SPIRL) 

Component: 02-01 Shovel Loading Rate Dashboard (Figure D.7) 

Layout 

Description: 

Hourly loading rate: For all shovels in all active pits, grouped by hour (tons/hr) 

Instant loading rate per shovel – all pits: For each shovel, instant loading rate in all 

active pits (instant tons) 

Instant loading rate – every pit: In each active pit, the total instant loading rate (instant 

tons) 

Purpose: To provide a real-time visualization of shovel loading rates in the pits, altogether as a 

group and individually, and per pit. 

Benefits: The operator can visualize the loading rate capability of all the operating shovels and 
follow the change during every hour of the shift and can simultaneously visualize the 

instant loading rate for each shovel and for each pit along the current hour. 

Data sources: 

 

Database: RealTime FMS 

This is a database of recorded settings from dispatch operators under current operating 

conditions. Data is obtained by extracting the latest records required to update the real-

time displays. 

Table: MINE Cycle data 

Shovel load cycles performed are extracted and characterized in order to present the 

information in different levels of granularity. 

Calculations: Hourly loading rate: (all loadtons / loading time) x 3600 = tons/hour 

Instant loading rate: (individual loadtons / effective loading time) x 3600 

Refresh rate: Every hour. 

 

 

 

Figure D.7 Shovel Loading Rate Dashboard 
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Table D.10 SPIRL Decision Elements 

Situation Classification Decision options Impact 
Decrease hourly 

loading rate 

Productivity  Notify shovel operators 

 Verify truck queues 

 Modify truck locking 

 Increase in production 

rate 

Reduction of 

individual shovel rates 

Productivity  Identify shovel operating 

sub-standardly 

 Identify pit conditions 

 Operator change or re-

training 

 Redistribution of shovel 

force 

 

Best Practices 

 Identify the more productive shovels and operators. 

 Verify pit conditions (routes, number of trucks, effect of locks in production, 

potential of queues). 

 



166 

 

 

 

Table D.11 Shovel Capacity Tracking (SCT) 

Component: 02-02 Shovel Capacity Tracking Dashboard (Figure D.8) 

Layout 

Description: 

Shovel production rate – current shift – expected vs. planned: Shovels are assigned to 

each operating pit. The comparison between actual production and planned production 

measured on an hourly basis provides a production rate that is tracked for each hour of 

the shift. For every shovel operating in each pit, the production values are displayed by 

the hour in bar format during the shift, thus providing the hourly loading rate per 

shovel. Expected tonnages are also displayed, superimposed in the same time sequence 
with the daily plan. 

 

Shovel capacity vs. actual: The maximum capacity of every operating shovel is 

displayed against the actual capacity measured for each hour of the current shift. 

Purpose: To provide a visual control of shovel loading rates in comparison with planned or 

expected tonnages while controlling the utilization of the maximum possible capacities 

of each shovel. 

Benefits: The operator can compare on an hourly basis the differences between planned and 

actual tonnage produced per shovel and address any noticeable anomaly in 

performance. 

Data sources: 

 

Database: RealTime FMS 

This is a database of recorded settings from dispatch operators under current operating 

conditions. Data is obtained by extracting the latest records required to update the real-

time displays. 
Table: MINE Cycle data 

Shovel loads are extracted and characterized in order to present the information in 

different levels of granularity. 

“Expected tonnage” comes from Database: MinePlan, Table: Scheduled Tonnage 

Calculations: Loading time is in seconds 

(loadtons / loading time) x 3600 = tons/hour 

Shovel Capacity 

CAPACITY: Shows MAX (loadtons) * # of times the shovel operated for that hour of 

the current shift 

ACTUAL: SUM (loadtons) for that hour of the shift 

For each shovel, for every hour of the shift (currently up to the 10th hour of current 

shift) 

Refresh rate: Every 2 minutes. 
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Figure D.8 Shovel Capacity Tracking Dashboard 

 

Table D.12 SCT Decision Elements 

Situation Classification Decision options Impact 

 Decrease of tons 

produced by a shovel 

 Shovel working 

below maximum 

capacity 

Productivity  Notify shovel operator 

 Redistribute trucks 

 Modify truck locking 

 Increase in running 

trucks 

 Increase in production 

rate 

 Increasing difference 

between expected 
and actual 

Planning  Modify daily plans  Readjustment of 

expected tonnage 
 

 

Best Practices: 

 Identify the more productive shovels and operators. 
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 Register the truck distribution for the existing road layout. 

 Modify daily plans to adjust to a more realistic production outcome.  

 

Table D.13 Truck Routing Capacity TRC) 

Component: 02-03 Actual Capacity of Truck Routing (Figure D.9) 

Layout 

Description: 

Coal from the pits is loaded by shovels into the trucks. These trucks take a route 

from the pits to the dumping points where coal is crushed and transported by the 

conveyor belt circuits according to the indications of the dispatch operator. In some 

cases these trucks are locked to either the shovel or the dumping point or both. 

Typically three of the four circuits are available for a shift. 

The mine infrastructure has 4 circuits: Circuit 1 (C-1 OLD), Circuit 2 (C-2 ROC), 

Circuit 3 (C-3 IN), and circuit 4 (C-4 MID). Circuit 3 is a subset of Circuit 4, and it 

is utilized to replace Circuit 4 during maintenance. Only the activity to operating 

crushers is displayed. 

Purpose: To provide a real-time visualization of the number of loaded trucks per shovel that 

run from the frontline (pits) to circuits (crushers) on an hourly basis during a shift. 

Benefits: The operator keeps track every hour of: 

 The current shovels that are operating. 

 The number of trucks running from each shovel to each route. 

 The peak productive hours (more trucks per hour being loaded). 

 Additional information on truck locks, as production flow can be associated 

with lock status. 

Data sources: 

 

Database: RealTime FMS 

This is a database of recorded settings from dispatch operators under current 

operating conditions. Data is obtained by extracting the latest records required to 

update the real-time displays. 

Table: MINE Cycle data 

Truck load cycles performed per each shovel are extracted and characterized in order 

to present the information in different levels of granularity. 

Refresh rate: Every 30 minutes, in order to update the display with the latest hour available. 
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Figure D.9 Actual Capacity of Coal Truck Routing from Pits to Crushers 

 

Table D.14 TRC Decision Elements 

Situation Classification Decision options Impact 
Decrease of trucks 

attended per shovel 

Productivity  Notify shovel operator 

 Redistribute trucks 

 Modify truck locking 

 Increase in running 

trucks 

 Increase in production 

rate 

Reduction of shovel 

availability 

Equipment  Redistribute shovels  Readjustment of 

production rate 

Change of crusher Capacity  Rearrange route layout  Modify expected 

production rate 

according to new 

capacity 

 

Best Practices: 

 Identify the more productive shovels and operators. 

 Register the truck distribution for the existing road layout. 

 Redistribute the flow of trucks to the operating crushers. 

 Combine truck locking to obtain the maximum advantage of truck capacity. 
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APPENDIX E – PERFORMANCE OBJECTIVES FOR DSS USERS 

 

 

 

The User-Centered design of a DSS involves specifications that are associated with the 

operating conditions, types of decision and the level of support demanded by the 

operators during the decision-making process (described in Appendix C). The most 

relevant objectives are presented in Table E.1.  

 

Table E.1 Performance Objectives for DSS Users (after Sprague, 1982) 

Objective Comment 

A DSS should provide support for 

decision making, but with 
emphasis on semi-structured and 

unstructured decisions. 

Refers to hard or underspecified problems 

A DSS should provide decision-
making support for users at all 

levels, assisting in integration 

between levels. 

People at all organizational levels face “tough” problems. 

A DSS should support 
interdependent and dependent 

decisions. 

Decision types: 
- Independent 

- Sequential interdependent 

- Pooled interdependent 

A DSS should support all phases 
of the decision-making process. 

Intelligence 
Design 

Choice 

DSS should support a variety of 
decision-making processes but 

not be dependent on any one. 

There is no universally accepted model of the decision-
making process, and there is no promise of such a general 

theory in the foreseeable future. 

A DSS provides decision makers with a set of capabilities 

to apply in a sequence and form that fits each person’s 
cognitive style. 

A DSS should be easy to use. Flexible, user-friendly, nonthreatening. 
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APPENDIX F – BLENDING STRATEGIES 

 

 

Each production stage can be affected by situations that impact either in the blending or 

the loadout processes. Groups of case scenarios have been identified. When multiple 

strategies can be followed, the number of decision outcomes also increases (Tables F.1 to 

F.7).  

 

 

 

 

Table F.1 Blending Strategies Group 2: Shovels 

Case 
No. 

Description Impact Strategy Reasoning Assumptions 

Ble LO 
2-1 Shovel loading rate is 

too long and causes 

queues. 

 

 x  Change 

operator. 

 Redistribute 

trucks. 

 Cycle must be 

performed with 

the expected 

efficiency. 

 Improper 

distribution of 

trucks may 

cause queues. 

 Shovel is 

mechanically 

available. 

 Trucks can be 

redistributed. 

2-2 Shovel is scheduled 
for PM. 

   Modify blend 
considering the 

new quality 

spectrum. 

 PM is required 
for all 

machines. 

 Other shovels 
available and 

relocatable. 

2-3 Shovel breakdown.    Modify blend 

considering the 

new quality 

spectrum. 

 Flow of coal 

must continue. 

 Change of 

quality due to 

shovel 

reassignment is 

monitored. 
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Table F.2 Blending Strategies Group 3: Trucks 

Case 

No. 

Description Impact Strategy Reasoning Assumptions 

Ble LO 

3-1 Trucks are queuing.  x  Redistribute 

trucks. 

 FMS can 

recalculate 

actual demand 

for trucks. 

 Number of 

trucks is 

enough for 

daily 

requirements. 

3-2 Trucks are insufficient 
(many trucks down) 

x x  Close 
circuits. 

 Redistribute 

trucks. 

 Stop loadout. 

 Limited 
number of 

trucks must 

prioritize 

quality goals. 

 Remaining 
trucks sufficient 

for attending 

current demand. 

 

 

 

 

 

 

 

 

 

 

 

Table F.3 Blending Strategies Group 4: Circuits 

Case 
No. 

Description Impact Strategy Reasoning Assumptions 

Ble LO 

4-1 Crusher down 

(breakdown or PM) 

x x  Activate 

circuit 3 (to 

replace circuit 

4). 

 Redistribute 

trucks. 

 Rest of circuits 

must cover the 

required 

production & 

blending 

goals. 

 Change of coal 

quality due to 

circuit 

rearrangement 

will be 

monitored. 

4-2 Conveyor belts down 

(breakdown or PM) 

x x  Reorganize 

circuits. 

 Redistribute 

trucks. 

 Rest of circuits 

must cover the 

required 

production & 

blending 

goals. 

 Remaining 

circuits 

sufficient for 

current 

demands. 
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Table F.4 Blending Strategies Group 5: Silos 

Case 

No. 

Description Impact Strategy Reasoning Assumptions 

Ble LO 

5-1 Silos are full. 

 

x x  Store surplus in 

Barn (activate 

conveyors) 

 Put trucks on 

delay  

 Review plan 

(Conserve/ 

Surge pits) 

 Production 

flow must 

continue and 

additional 

production 
should be 

stored. 

 Coal for Barn is 

of a single 

quality. 

5-2 Silos are empty. 

 

 x  Redistribute 

trucks. 

 Add trucks.  

 Adjust 

crushers’ 

capacities. 

 Available 

shovels must 

be used 

efficiently. 

 Pits are not 

depleted. 

 

 

 

 

 

 

Table F.5 Blending Strategies Group 6: Barn 

Case 

No. 

Description Impact Strategy Reasoning Assumptions 

Ble LO 

6-1 Barn is full.  x  Transfer to 

Silos 4 & 5. 

 Temporary 

storage. 

 Silos 4 & 5 

have free space 
available. 

6-2 Barn is empty.  x  Set conveyors 

to transfer 

surplus coal. 

 Take 

advantage of 

extra storage. 

 Coal flow is 

sufficient for 

current demand. 

6-3 Silos 4 and/or 5 are 

empty. 

x x  Transfer to 

Silos 4 & 5 

 Make Silos 4 

& 5 available 

for blending. 

 Silos 4 & 5 

participate in 

current 

blending. 
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Table F.6 Blending Strategies Group 7: Trains 

Case 

No. 

Description Impact Strategy Reasoning Assumptions 

Ble LO 

7-1 Train arrived is not 

in accordance to 

available coal 

quality. 

x x  Change L-O 

source. 

 Modify 

conveyors. 

 Stop loading out. 

 Redistribute 

trucks for new 

blending goals. 

 Blending 

available is 

not the same 

as currently 

required. 

 Active pits 

provide 

required 

quality. 

 Blending is 
recalculated. 

 Blend existing 

coal in silos & 

barn for 

current train 

requirements. 

7-2 Train breakdown 

(during Load Out) 

 x  Detour next train 

to 2nd L-O. 

 Continue filling 

Silos. 

 Redistribute 
conveyors for 

filling silos 

evenly. 

 Include Barn as 

auxiliary storage. 

 Review plan for 

next train 

requirements. 

 Production 

can continue 

until all silos 

are full. 

 

 There is space 

available in 

silos and barn. 

 Second 

loadout is 

available. 

 

 

  



175 

 

 

 

 

Table F.7 Blending Strategies Group 8: Loadout 

Case 

No. 

Description Impact Strategy Reasoning Assumptions 
Ble LO 

8-1 One L-O chute in 

maintenance. 
 

x x  Switch L-O 

source. 

 Modify existing 

conveyors (from 

silos to loadout) 

 Redistribute 

trucks for new 

blending goals. 

 Alternate 

chute can 
continue 

loading out to 

another train. 

 Another train is 

available in 
contiguous 

track. 

 Coal quality 

available 

suitable for 

second train. 

 Blending 

recalculation 

not required. 

8-2 Two L-O chutes in 

unplanned 

breakdown. 

 x  Stop loading 

out. 

 Continue filling 
Silos. 

 Rearrange 

conveyors & 

gates for filling 

silos evenly. 

 Include Barn as 

auxiliary 

storage. 

 Review plan for 

attending next 

trains. 

 Production 

can continue 

until all silos 
are full. 

 There is space 

available in 

silos and barn. 
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APPENDIX G – RESULTS CASE STUDIES 

 

 

CASE STUDY 1 – One crew operator simulating the same shift three times 

 

Tables G.1 to G.8 present the performance results of Sessions 1-02 and 1-03 for Case 

Study 1. 

Table G.1 Tonnage-BTU Score for Session 1-02 

Session 1-02 
Train 

List 

Initial 

Points 

Loaded 

Tons 

Avg 

BTU 

Diff 

Tons 

Pct. 

Diff 

Tons 

Penalty 

Tons 

Diff 

BTU 

Pct. 

Diff 

BTU 

Penalty 

BTU 

Score 

120731 100 2,392 8742 (12,488) (83.9) 42.0 42 0.48 0.0 58.0 

120732 100 16,759 8714 (641) (3.7) 1.8 69 0.80 0.0 98.1 

120733 100 15,824 8759 (1,576) (9.1) 4.5 (41) (0.46) (0.0) 95.5 

120734 100 17,104 8763 (296) (1.7) 0.9 (138) (1.54) (0.0) 99.2 

120735 100 17,666 8749 146 0.8 0.4 (51) (0.58) (0.0) 99.6 

120736 100 15,700 8795 (1,820) (10.4) 5.2 45 0.52 0.0 94.8 

120737 100 14,818 8740 (2,702) (15.4) 7.7 (60) (0.69) (0.0) 92.3 

120738 100 16,441 8761 (959) (5.5) 2.8 (114) (1.29) (0.0) 97.3 

120739 100 16,453 8758 (1,067) (6.1) 3.0 68 0.79 0.0 96.9 

120740 100 17,065 8749 (335) (1.9) 1.0 (51) (0.58) (0.0) 99.0 

120741 100 2,743 8751 (14,297) (83.9) 42.0 76 0.88 0.0 58.0 

120742 100 2,716 8762 (14,564) (84.3) 42.1 162 1.88 0.0 57.8 

120543 100 27 8762 (14,373) (99.8) 49.9 162 1.88 0.0 50.1 

TOTAL TONNAGE-BTU SCORE 1,046.6 

 

 

Table G.2 Tonnage-BTU Score for Session 1-03 

Session 1-03 

Train 

List 

Initial 

Points 

Loaded 

Tons 

Avg 

BTU 

Diff 

Tons 

Pct. 

Diff 

Tons 

Penalty 

Tons 

Diff 

BTU 

Pct. 

Diff 

BTU 

Penalty 

BTU 

Score 

120731 100 2,198 8768 (12,682) (85.2) 42.6 68 0.78 0.0 57.4 

120732 100 16,920 8722 (480) (2.8) 1.4 77 0.89 0.0 98.6 

120733 100 15,752 8673 (1,648) (9.5) 4.7 (127) (1.44) (0.0) 95.3 

120734 100 16,573 8660 (827) (4.8) 2.4 (240) (2.70) (0.0) 97.7 

120735 100 17,389 8689 (131) (0.7) 0.4 (111) (1.26) (0.0) 99.6 

120736 100 15,343 8692 (2,177) (12.4) 6.2 (58) (0.66) (0.0) 93.8 

120737 100 14,862 8660 (2,658) (15.2) 7.6 (140) (1.59) (0.0) 92.4 

120738 100 16,551 8649 (849) (4.9) 2.4 (226) (2.55) (0.0) 97.6 

120739 100 16,848 8678 (672) (3.8) 1.9 (12) (0.14) (0.0) 98.1 

120740 100 17,026 8663 (374) (2.1) 1.1 (138) (1.56) (0.0) 98.9 

120741 100 10,750 8679 (6,290) (36.9) 18.5 4 0.05 0.0 81.5 

120742 100 3,478 8634 (13,802) (79.9) 39.9 34 0.39 0.0 60.1 

           

TOTAL TONNAGE-BTU SCORE 1,071.0 
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Table G.3 Coal Quality Score Session 1-02 

Session 1-02 

Train 

List 

Initial 

Points 

Avg 

Moisture 

Penalty 

Moisture 

Avg 

Ash 

Penalty 

Ash 

Avg 

Sodium 

Penalty 

Sodium 

Avg 

Sulfur 

Penalty 

Sulfur 

Score 

120731 100 27.126 27.1 4.700  0.0 1.676 0.0 0.245  0.24  72.6  

120732 100 27.696 27.7 4.646  0.0 1.881 0.0 0.231  0.23  72.1  

120733 100 28.254 28.3 4.662  0.0 2.100 2.1 0.232  0.23  69.4  

120734 100 28.382 28.4 4.666  0.0 2.146 2.1 0.234  0.23  69.2  

120735 100 28.454 28.5 4.735  0.0 2.229 2.2 0.234  0.23  69.1  

120736 100 28.424 28.4 4.712  0.0 2.190 2.2 0.233  0.23  69.2  

120737 100 28.430 28.4 4.702  0.0 2.170 2.2 0.235  0.23  69.2  

120738 100 28.019 28.0 4.668  0.0 2.047 2.0 0.228  0.23  69.7  

120739 100 27.956 28.0 4.649  0.0 2.008 2.0 0.227  0.23  69.8  

120740 100 28.103 28.1 4.684  0.0 2.085 2.1 0.230  0.23  69.6  

120741 100 28.459 28.5 4.738  0.0 2.233 2.2 0.233  0.23  69.1  

120742 100 28.416 28.4 4.727  0.0 2.222 2.2 0.234  0.23  69.1  

120543 100 27.300 27.3 4.500  0.0 1.750 0.0 0.210  0.21  72.5  

TOTAL COAL QUALITY SCORE 910.5 

 

 

 

Table G.4 Coal Quality Score Session 1-03 

Session 1-03 

Train 

List 

Initial 

Points 

Avg 

Moisture 

Penalty 

Moisture 

Avg 

Ash 

Penalty 

Ash 

Avg 

Sodium 

Penalty 

Sodium 

Avg 

Sulfur 

Penalty 

Sulfur 

Score 

120731 100 27.44 27.4 4.64 0.0 1.85 0.0 0.230 0.23 72.3  

120732 100 27.70 27.7 4.64 0.0 1.90 0.0 0.233 0.23 72.1  

120733 100 28.07 28.1 4.64 0.0 2.02 2.0 0.232 0.23 69.7  

120734 100 28.17 28.2 4.64 0.0 2.06 2.1 0.232 0.23 69.5  

120735 100 28.03 28.0 4.66 0.0 2.03 2.0 0.229 0.23 69.7  

120736 100 28.01 28.0 4.64 0.0 2.01 2.0 0.229 0.23 69.8  

120737 100 28.21 28.2 4.69 0.0 2.12 2.1 0.231 0.23 69.4  

120738 100 28.28 28.3 4.70 0.0 2.15 2.2 0.232 0.23 69.3  

120739 100 28.10 28.1 4.69 0.0 2.08 2.1 0.230 0.23 69.6  

120740 100 28.20 28.2 4.69 0.0 2.12 2.1 0.230 0.23 69.5  

120741 100 28.10 28.1 4.69 0.0 2.09 2.1 0.231 0.23 69.6  
           

TOTAL COAL QUALITY SCORE 839.7  
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Table G.5 Profit Score Session 1-02 

Session 1-02 

Train 

List 

Loaded 

Tons 

Penalty 

BTU 

Penalty 

Moisture 

Penalty 

Ash 

Penalty 

Sodium 

Penalty 

Sulfur 

Discount 

Factor 

Gross 

Profit 

120731 2,392 0.01 27.13 0.00 0.00 0.24 72.62 $       26,057.27 

120732 16,759 0.01 27.70 0.00 0.00 0.23 72.06 $     181,157.36 

120733 15,824 -0.01 28.25 0.00 2.10 0.23 69.42 $     164,772.42 

120734 17,104 -0.02 28.38 0.00 2.15 0.23 69.26 $     177,681.14 

120735 17,666 -0.01 28.45 0.00 2.23 0.23 69.09 $     183,081.01 

120736 15,700 0.01 28.42 0.00 2.19 0.23 69.15 $     162,840.75 

120737 14,818 -0.01 28.43 0.00 2.17 0.23 69.17 $     153,750.77 

120738 16,441 -0.01 28.02 0.00 2.05 0.23 69.72 $     171,942.30 

120739 16,453 0.01 27.96 0.00 2.01 0.23 69.80 $     172,263.70 

120740 17,065 -0.01 28.10 0.00 2.08 0.23 69.59 $     178,129.98 

120741 2,743 0.01 28.46 0.00 2.23 0.23 69.07 $       28,416.86 

120742 2,716 0.02 28.42 0.00 2.22 0.23 69.11 $       28,153.40 

         

TOTAL PROFIT $  1,628,540.47 

 Score 92.79 

 

 

 

 

 

Table G.6 Profit Score Session 1-03 

Session 1-03 

Train 

List 

Loaded 

Tons 

Penalty 

BTU 

Penalty 

Moisture 

Penalty 

Ash 

Penalty 

Sodium 

Penalty 

Sulfur 

Discount 

Factor 

Gross 

Profit 

120731 2,198 0.01 27.44 0.00 1.85 0.23 70.48 $      23,236.08 

120732 16,920 0.01 27.70 0.00 1.90 0.23 70.16 $    178,053.87 

120733 15,752 -0.02 28.07 0.00 2.02 0.23 69.69 $    164,672.38 

120734 16,573 -0.03 28.17 0.00 2.06 0.23 69.57 $    172,947.09 

120735 17,389 -0.01 28.03 0.00 2.03 0.23 69.72 $    181,854.62 

120736 15,343 -0.01 28.01 0.00 2.01 0.23 69.76 $    160,544.92 

120737 14,862 -0.02 28.21 0.00 2.12 0.23 69.45 $    154,827.36 

120738 16,551 -0.03 28.28 0.00 2.15 0.23 69.36 $    172,206.98 

120739 16,848 0.00 28.10 0.00 2.08 0.23 69.59 $    175,877.00 

120740 17,026 -0.02 28.20 0.00 2.12 0.23 69.47 $    177,416.36 

120741 10,750 0.00 28.10 0.00 2.09 0.23 69.58 $    112,202.80 

120742 3,478 0.00 28.37 0.00 2.21 0.23 69.18 $      36,093.45 

120543 2,198 0.01 27.44 0.00 1.85 0.23 70.48 $      23,236.08 

TOTAL PROFIT $  1,709,932.92  

 Score 97.42  
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Table G.7 Queue Score Session 1-02 

Session 1-02 

Initial 

Points 

Avg 

Queue 

Shovel 

Avg 

Queue 

Dump 

Penalty 

Queue 

Shovel 

Penalty 

Queue 

Dump 

Score 

100 163.5 36.4 40.9 9.1 50.0 

 

 

Table G.8 Queue Score Session 1-03 

Session 1-03 

Initial 

Points 

Avg 

Queue 

Shovel 

Avg 

Queue 

Dump 

Penalty 

Queue 

Shovel 

Penalty 

Queue 

Dump 

Score 

100 217.6 37.4 50.0 9.4 40.6 

 

 

 

Description of Charts: 

 

 

Trucks and Locks to Shovel (Figure G.1). – The total number of truck lock changes per 

shift is measured for each shovel. 

 

 

Figure G.1 Trucks and Locks to Shovel 
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Trucks and Locks to Dump (Figure G.2). – The total number of truck lock changes per 

shift is measured for each crusher. 

 

 

Figure G.2 Trucks and Locks to Dump 

 

Loaded tons and Average BTU (Figure G.3). – The sum of total tons loaded per shipment 

is presented along with the average BTU achieved for that shipment. 

 

 

Figure G.3 Loaded tons and Average BTU 
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Moisture, Ash, Sodium, Sulfur (Figure G.4). – The percentage values of coal impurities 

are presented for each shipment in the analyzed shift. 

 

 

Figure G.4 Moisture, Ash, Sodium, Sulfur 

 

Average Queue for Shovels and for Dumps (Figure G.5). – The average time in seconds 

of truck queues in shovels and in crushers. The reduction of queues becomes a critical 

benefit for improving blending control as they are associated to the fleet management 

strategies applied by the crew operator. Visualizing both queues in the same chart can 

help controlling the overall performance of trucks during the shift.  
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Figure G.5 Average Queue Shovel and Average Queue Dump 

Scoring and Penalization Criteria 

Scoring was applied to each train loaded. Then all scores of every session are summed. 

This generates a score denominated ‘Tonnage-BTU’. Similarly, values of impurities are 

penalized according to a range defined at the beginning of the simulation sessions. The 

initial points given to Tonnage-BTU, impurities and queue times are 100 each. Table G.9  

shows the criteria used for penalizations, weights, and scores. 

Table G.9 Penalization Criteria for Simulations 

Element Penalization criteria 
Tonnage Half of the absolute difference between expected and achieved 

tonnage 

BTU Half of the absolute difference between expected and achieved BTU 

Moisture Value in percent of moisture reading 

Ash Value in percent of ash reading over maximum limit (5%) 

Sodium Value in percent of sodium reading over maximum limit (2%) 

Sulfur Value in percent of sulfur reading 

Queue Shovel Half the average number of seconds spent by trucks in front of 

shovels during the simulation session. 

Queue Dump Half the average number of seconds spent by truck in front of 

crushers during the simulation session. 
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Weights have been assigned to each group of elements that contribute to goal 

achievement (Table G.10). The highest weight goes to ‘Maximize Profit’. 

 

 Table G.10 Weighing Criteria for Scoring Simulations 

Goal Achieved Scored Element Weight 
Minimize BTU 

Variability 

Tonnage & BTU 30 

Maximize Coal 

Quality 

Moisture, Ash, Sodium & 

Sulfur 

20 

Maximize Profit Profit 40 

Maximize 

Infrastructure 

Utilization 

Queue (in Shovels and 
Dumps) 

30 

TOTAL WEIGHT 120 

 

 

 

Pricing Criteria 

 

Price of coal has been defined as the average price during 2011, estimated as 

$15.00 per ton of PRB coal (Michigan Coal Trends, 2011). 

 

Final Scores 

The final scores for sessions 1-02 and 1-03 (single user) are presented in Table G.11 and 

Table G.12. 
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Table G.11 Total Final Score Session 1-02 

Session 1-02 

 Weight  

Minimize BTU 

Variability 

Tonnage & BTU Score 1,046.6 30 31399.0435 

Maximize Coal 

Quality 

Moisture, Ash, Sodium & 

Sulfur Score 

910.5 20 18210.893 

Maximize Profit Profit Score 92.8 40 3711.4705 

Maximize 

Infrastructure 

Utilization 

Queue Score 50.0 30 1500.372 

TOTAL WEIGHT 120 54821.780 

TOTAL FINAL SCORE 457 

 

 

Table G.12 Total Final Score Session 1-03 

Session 1-03 

 Weight  

Minimize BTU 

Variability 

Tonnage & BTU Score 1,071.0 30 32130.221 

Maximize Coal 

Quality 

Moisture, Ash, Sodium 

& Sulfur Score 

839.7 20 16793.200 

Maximize Profit Profit Score 97.4 40 3896.965 

Maximize 

Infrastructure 

Utilization 

Queue Score 40.6 30 1219.359 

TOTAL WEIGHT 120 54039.750 

TOTAL FINAL SCORE 450 

 

 

CASE STUDY 2 – Two crew operators simulating the same shift. 

The train list with expected values for tonnage and BTU are presented in Table G.13. 
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Table G.13 Train List for Simulation Case Study 2 

Train List Tons per car No. of 

Cars 

Expected 

Tonnage 

Expected 

BTU 
0 120 132 15,840 8800 

1 120 136 16,320 8750 

2 120 142 17,040 8900 

3 120 145 17,400 8625 

4 120 144 17,280 8650 

5 120 142 17,040 8800 

6 120 145 17,400 8770 

7 120 140 16,800 8600 

8 120 136 16,320 8800 

9 120 125 15,000 8850 

10 120 144 17,280 8900 

11 120 140 16,800 8675 

 

 

Expected values for impurities are shown in Table G.14.  

 

Table G.14 Expected Coal Quality Values for Sessions 2-01 and 2-02 

Train 

List 

Expected 

Moisture 

Expected 

Ash 

Expected 

Sodium 

Expected 

Sulfur 
0 0.0 - 0.0 0 .0 - 5.0  0.0 - 2.0  0.0 - 0.0 

1 0.0 - 0.0 0 .0 - 5.0  0.0 - 2.0  0.0 - 0.0 

2 0.0 - 0.0 0 .0 - 5.0  0.0 - 2.0  0.0 - 0.0 

3 0.0 - 0.0 0 .0 - 5.0  0.0 - 2.0  0.0 - 0.0 

4 0.0 - 0.0 0 .0 - 5.0  0.0 - 2.0  0.0 - 0.0 

5 0.0 - 0.0 0 .0 - 5.0  0.0 - 2.0  0.0 - 0.0 

6 0.0 - 0.0 0 .0 - 5.0  0.0 - 2.0  0.0 - 0.0 

7 0.0 - 0.0 0 .0 - 5.0  0.0 - 2.0  0.0 - 0.0 

8 0.0 - 0.0 0 .0 - 5.0  0.0 - 2.0  0.0 - 0.0 

9 0.0 - 0.0 0 .0 - 5.0  0.0 - 2.0  0.0 - 0.0 

10 0.0 - 0.0 0 .0 - 5.0  0.0 - 2.0  0.0 - 0.0 

11 0.0 - 0.0 0 .0 - 5.0  0.0 - 2.0  0.0 - 0.0 

 

 

Shovel and Truck lineup were originally retrieved from the historical database. For each 

session, the crew user adjusted the number of trucks and shovels and their respective 

availability (Table G.15). 
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Table G.15 Number of Trucks and Shovels for Simulation Case Study 2 

 

CASE STUDY 2 Session 2-01 Session 2-02 

Number of Trucks 30 21 

Number of Shovels 6 6 

 

 

 

As shown in Table G.16 and Table G.17, each train has been scored according to the 

penalization criteria. The Tonnage-BTU score is the sum of all trains loaded.  

 

Table G.16 Tonnage-BTU Score for Session 2-01 Crew User 1 

Session 2-01 - VT 

Train 

List 

Initial 

Points 

Loaded 

Tons 

Avg 

BTU 

Diff 

Tons 

Pct. 

Diff 

Tons 

Penalty 

Tons 

Diff 

BTU 

Pct. 

Diff 

BTU 

Penalty 

BTU 

Score 

0 100 68 8825 (15,772) (99.6) 49.8 25 0.28 0.1 50.1 

1 100 16,770 8746 450 2.8 1.4 (4) (0.05) 0.0 98.6 

2 100 15,522 8721 (1,518) (8.9) 4.5 (179) (2.01) 1.0 94.5 

3 100 16,895 8784 (505) (2.9) 1.5 159 1.85 0.9 97.6 

4 100 17,610 8677 330 1.9 1.0 27 0.31 0.2 98.9 

5 100 16,353 8698 (687) (4.0) 2.0 (102) (1.16) 0.6 97.4 

6 100 14,482 8660 (2,918) (16.8) 8.4 (110) (1.25) 0.6 91.0 

7 100 16,586 8682 (214) (1.3) 0.6 82 0.96 0.5 98.9 

8 100 17,101 8688 781 4.8 2.4 (112) (1.27) 0.6 97.0 

9 100 16,901 8682 1,901 12.7 6.3 (168) (1.90) 1.0 92.7 

10 100 4,712 8676 (12,568) (72.7) 36.4 (224) (2.52) 1.3 62.4 

           

TOTAL TONNAGE-BTU SCORE 979.1 
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Table G.17 Tonnage-BTU Score for Session 2-02 Crew User 2 

Session 2-02 - MK 

Train 

List 

Initial 

Points 

Loaded 

Tons 

Avg 

BTU 

Diff 

Tons 

Pct. 

Diff 

Tons 

Penalty 

Tons 

Diff 

BTU 

Pct. 

Diff 

BTU 

Penalty 

BTU 

Score 

0 100 68 8825 (15,772) (99.6) 49.8 25 0.28 0.0 50.2 

1 100 16,829 8767 509 3.1 1.6 17 0.19 0.0 98.4 

2 100 15,816 8780 (1,224) (7.2) 3.6 (120) (1.35) (0.0) 96.4 

3 100 17,056 8737 (344) (2.0) 1.0 112 1.30 0.0 99.0 

4 100 17,819 8655 539 3.1 1.6 5 0.05 0.0 98.4 

5 100 16,358 8648 (682) (4.0) 2.0 (152) (1.73) (0.0) 98.0 

6 100 14,976 8671 (2,424) (13.9) 7.0 (99) (1.13) (0.0) 93.0 

7 100 16,906 8670 106 0.6 0.3 70 0.81 0.0 99.7 

8 100 16,928 8650 608 3.7 1.9 (150) (1.71) (0.0) 98.2 

9 100 17,004 8699 2,004 13.4 6.7 (151) (1.70) (0.0) 93.3 

10 100 6,272 8658 (11,008) (63.7) 31.9 (242) (2.72) (0.0) 68.2 

11 100 2,552 8656 (14,248) (84.8) 42.4 (19) (0.22) (0.0) 57.6 

TOTAL TONNAGE- BTU SCORE 1,050.5  

 

 

Coal quality is also scored for each train, and the total score is the sum of all individual 

scores, as shown in Table G.18 and Table G.19. 

 

 

Table G.18 Coal Quality Score Session 2-01 Crew User 1 

Session 2-01 - VT 

Train 

List 

Initial 

Points 

Avg 

Moisture 

Penalty 

Moisture 

Avg 

Ash 

Penalty 

Ash 

Avg 

Sodium 

Penalty 

Sodium 

Avg 

Sulfur 

Penalty 

Sulfur 

Score 

0 100 26.700 26.7 4.800  0.0 1.600  0.0  0.210  0.2  73.1  

1 100 27.291 27.3 4.684  0.0 1.579  0.0  0.230  0.2  72.5  

2 100 27.493 27.5 4.646  0.0 1.598  0.0  0.227  0.2  72.3  

3 100 26.983 27.0 4.737  0.0 1.529  0.0  0.231  0.2  72.8  

4 100 27.940 27.9 4.692  0.0 1.956  0.0  0.224  0.2  71.8  

5 100 27.673 27.7 4.692  0.0 1.854  0.0  0.227  0.2  72.1  

6 100 28.077 28.1 4.682  0.0 1.980  0.0  0.223  0.2  71.7  

7 100 27.993 28.0 4.696  0.0 1.993  0.0  0.224  0.2  71.8  

8 100 27.969 28.0 4.697  0.0 2.004  2.0  0.224  0.2  69.8  

9 100 27.988 28.0 4.698  0.0 1.983  0.0  0.223  0.2  71.8  

    100 28.047 28.0 4.696  0.0 2.040  2.0  0.224  0.2  69.7  

           

TOTAL COAL QUALITY SCORE 789.3  
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Table G.19 Coal Quality Score Session 2-02 Crew User 2 

Session 2-02 - MK 

Train 

List 

Initial 

Points 

Avg 

Moisture 

Penalty 

Moistur 

Avg 

Ash 

Penalty 

Ash 

Avg 

Sodium 

Penalty 

Sodium 

Avg 

Sulfur 

Penalty 

Sulfur 

Score 

0 100 26.700 26.7 4.800  0.0 1.600 0.0 0.210 0.21 73.1  

1 100 27.137 27.1 4.711  0.0 1.565 0.0 0.229 0.23 72.6  

2 100 27.071 27.1 4.696  0.0 1.521 0.0 0.229 0.23 72.7  

3 100 27.334 27.3 4.699  0.0 1.591 0.0 0.232 0.23 72.4  

4 100 28.051 28.1 4.684  0.0 1.978 0.0 0.226 0.23 71.7  

5 100 27.976 28.0 4.672  0.0 1.901 0.0 0.229 0.23 71.8  

6 100 28.023 28.0 4.697  0.0 2.006 2.0 0.224 0.22 69.7  

7 100 28.027 28.0 4.699  0.0 2.016 2.0 0.224 0.22 69.7  

8 100 28.087 28.1 4.680  0.0 2.013 2.0 0.222 0.22 69.7  

9 100 27.947 27.9 4.736  0.0 2.035 2.0 0.227 0.23 69.8  

10 100 28.032 28.0 4.670  0.0 1.981 0.0 0.221 0.22 71.7  

11 100 28.033 28.0 4.673  0.0 1.980 0.0 0.221 0.22 71.7  

TOTAL COAL QUALITY SCORE 856.8  

 

 

Profit has been scored as for Case Study 1 and is shown in Table G.20 and Table G.21. 

 

Table G.20 Profit Score Session 2-01 Crew User 1 

Session 2-01 - VT 

Train 

List 

Loaded 

Tons 

Penalty 

BTU 

Penalty 

Moisture 

Penalty 

Ash 

Penalty 

Sodium 

Penalty 

Sulfur 

Discount 

Factor 

Gross 

Profit 

0 68 0.14 26.70 0.00 0.00 0.21 72.95 $            744.07  

1 16,770 0.02 27.29 0.00 0.00 0.23 72.46 $     182,263.24  

2 15,522 1.00 27.49 0.00 0.00 0.23 71.28 $     165,952.13  

3 16,895 0.92 26.98 0.00 0.00 0.23 71.86 $     182,119.48  

4 17,610 0.16 27.94 0.00 0.00 0.22 71.68 $     189,345.88  

5 16,353 0.58 27.67 0.00 0.00 0.23 71.52 $     175,434.59  

6 14,482 0.63 28.08 0.00 0.00 0.22 71.07 $     154,394.73  

7 16,586 0.48 27.99 0.00 0.00 0.22 71.30 $     177,397.91  

8 17,101 0.64 27.97 0.00 2.00 0.22 69.17 $     177,423.61  

9 16,901 0.95 27.99 0.00 0.00 0.22 70.84 $     179,585.89  

10 4,712 1.26 28.05 0.00 2.04 0.22 68.43 $       48,366.40  

         
TOTAL PROFIT $  1,633,027.93  

 Score 96.44 
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Table G.21 Profit Score Session 2-02 Crew User 2 

Session 2-02 - MK 

Train 

List 

Loaded 

Tons 

Penalty 

BTU 

Penalty 

Moisture 

Penalty 

Ash 

Penalty 

Sodium 

Penalty 

Sulfur 

Discount 

Factor 

Gross 

Profit 

0 68 0.00 26.70 0.00 0.00 0.21 73.09 $            745.49  

1 16,829 0.00 27.14 0.00 0.00 0.23 72.63 $     183,347.67  

2 15,816 -0.02 27.07 0.00 0.00 0.23 72.72 $     172,509.28  

3 17,056 0.02 27.33 0.00 0.00 0.23 72.42 $     185,278.14  

4 17,819 0.00 28.05 0.00 0.00 0.23 71.72 $     191,702.48  

5 16,358 -0.02 27.98 0.00 0.00 0.23 71.81 $     176,209.99  

6 14,976 -0.01 28.02 0.00 2.01 0.22 69.76 $     156,707.40  

7 16,906 0.01 28.03 0.00 2.02 0.22 69.72 $     176,812.13  

8 16,928 -0.02 28.09 0.00 2.01 0.22 69.70 $     176,975.68  

9 17,004 -0.02 27.95 0.00 2.03 0.23 69.81 $     178,057.27  

10 6,272 -0.03 28.03 0.00 0.00 0.22 71.78 $       67,528.39  

11 2,552 0.00 28.03 0.00 0.00 0.22 71.75 $       27,465.23  

TOTAL PROFIT $  1,693,339.15  

 Score 100.00 

 

 

 

Queues of trucks in front of shovels and in front of dump areas are penalized and scored 

using the same criteria as in Case Study 1, as shown in Table G.22 and Table G.23. 

 

 

Table G.22 Queue Score Session 2-01 Crew User 1 

Session 2-01 - VT 

Initial 

Points 

Avg 

Queue 

Shovel 

Avg 

Queue 

Dump 

Penalty 

Queue 

Shovel 

Penalty 

Queue 

Dump 

Score 

100 217.6 37.4 50.0 9.4 40.6 

 

 

Table G.23 Queue Score Session 2-02 Crew User 2 

Session 2-02 - MK 

Initial 

Points 

Avg 

Queue 

Shovel 

Avg 

Queue 

Dump 

Penalty 

Queue 

Shovel 

Penalty 

Queue 

Dump 

Score 

100 78.8 32.9 19.7 8.2 72.1 
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Results of the simulations for the two sessions performed by different crew operators are 

shown in Figure G.6. 

 

 

 

 

Figure G.6 Result Charts for Case Study 2 (Sessions 2-01 and 2-02) 

 

 

For the final score, each of the separate scoring results is multiplied by the assigned 

weight and divided by the total weight (120). The resulting final score for each session is 

shown in Table G.24. The highest score is achieved by Crew Operator 2. 
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Table G.24 Total Final Score Session 2-01 and Session 2-02 

 Session 2-01 - VT  Session 2-02 - MK 

 Weight    Weight  

Minimize BTU 

Variability 

Tonnage 

& BTU 

Score 

979.1 30 29371.97 1,050.5  30 31515.69 

Maximize Coal 

Quality 

Moisture, 

Ash, 

Sodium & 

Sulfur 

Score 

789.3 20 15786.71 856.8  20 17136.33 

Maximize 

Profit 

Profit 

Score 

96.4 40 3857.53 100.0  40 4000.00 

Maximize 

Infrastructure 

Utilization 

Queue 

Score 

40.6 30 1219.36 72.1  30 2162.41 

 TOTAL 

WEIGHT 

120 50235.57 TOTAL 

WEIGHT 

120 54814.43 

TOTAL FINAL SCORE 419   457 
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CASE STUDY 3 – One crew operator simulating the same shift ten times 

 

Testing Parameters used for Case Study 3 can be found in Table G.25, whereas the BTU 

values obtained are presented in Table G.26. 

 

Table G.25 Summary of Testing Parameters Case Study 3 

 

Session 3-01 3-02 3-03 3-04 3-05 3-06 3-07 3-08 3-09 3-10 

Shovels 3 4 4 4 5 5 5 6 6 6 

Trucks 28 28 29 30 28 29 30 30 31 32 

Trains 16 16 16 16 16 16 16 16 16 16 

(Shuffled) 

Actual 
Tr 

7 7 5 5 7 7 5 5 7 4 

Score 

T-B 

628.9 603.3 361.1 425.6 616.3 585.4 418.4 421.7 576.2 275.4 

Score 

CoalQ 

489.7 490.5 350.0 352.6 489.0 488.6 352.7 352.7 491.5 281.8 

Score 

Profit 

100.0 91.9 41.0 63.8 96.8 85.9 61.6 62.9 83.0 46.9 

Score 

Queues 

47.7 45.9 45.9 45.8 73.7 32.1 62.7 68.9 69.7 68.2 

Total 

Final 
Scores 

284 275 174 198 286 264 200 202 271 148 
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Table G.26 BTU Values Case Study 3 

 

 
 Session 4-01 4-02 4-03 4-04 4-05 4-06 4-07 4-08 4-09 4-10 

Train 

List 
Expected 
BTU 

Actual BTU         

120731 8700 8699  8785  8808  8792  8795  8657  8808  8808  8792  8808  

120732 8645 8748  8676  8646  8770  8634  8689  8689  8683  8770  8690  
120733 8800 8642  8628  8649  8638  8659  8664  8654  8662  8664  8659  

120734 8900 8690  8630  8647  8628  8663  8661  8663  8666  8623  8475  

120735 8800 8707  8647  8649  8638  8662  8669  8669  8660  8663   

120736 8750 8717  8653    8664  8660    8666   

120737 8800 8656  8644    8669  8657    8646   
120738 8875           

120739 8690           
120740 8800           

120741 8675           

120742 8600           

120543 8600           
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