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ABSTRACT 

The problem of utilizing blending techniques to control coal 

quality at the production-consumption phase is considered. Thr~e 

blending models were developed to provide coal of high thermal content 

and low pollutants. With the aid of operational mine planning coal 

is blended at the coal producing mines such that the best quality of 

coal is mined during a planning period, while meeting the managem~nt 

production objectives. The first model developed uses 0-1 programming 

formulation to select potential working areas of a mine on the basis 

of predicted grade values obtainable from geostatistics. A second 

model developed combines economically coals produced by different 

suppliers to meet the specification of a power plant. The second 

model uses a linear programming formulation to develop coal purchasing 

strategy. Finally. a multiobjective programming technique is used to 

determine the tonnages of coal which must be cleaned from various 

sources (e.g. stockpiles) in order to result in clean coal of high 

thermal content and low sulfur content. The two objectives used are 

minimization of total sulfur and maximization of total Btu. 

Both the operational mine planning and coal purchasing models 

were tested on actual ~ne data. The study demonstrated the 

capability of controlling coal quality by blending technique with the 

aid of the three models. This can be translated into dollar savings 

to both the coal producer and the coal consumer. 
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CHAPTER ONE 

GENERAL INTRODUCTION 

1.1 Introduction 

Higher prices of world oil and concerns about nuclear energy have 

prompted the conversion from the major sources ot energy to coal as 

the primary source of energy in the United States With the 

limitation of oil exports from major oil producing countries to the 

industrialized countries, it may appear that coal will continue to b e 

the main source of energy in the foreseable future in the United 

States. 

The electric utility industry is the primary consume r of coal in 

the U.S. about seventy percent of U.S coal production is burned in 

steam generators (Keystone Manual,1979). The combustion of coal in 

steam generators to produce electricity is a well understood 

technique. It is the only technique which is technologically 

advanced enough to replace oil on a large scale. 

The burning of coal has side effects. Combustion of coal 

generates gases and ash particulates which may enter the atmosphere. 

Typical gases generated by a coal-fired plant include carbon dioxide , 

oxides of nitrogen and sulfur dioxide. The ash particulates sometimes 

remain suspended in the air because of their size and density. 

Atmospheres polluted with sulfur dioxide directly or indirectly attack 

1 



and damage a wide range of materials and property. In man sulfur 

dioxid2 causes constriction of the bronchi which results in airway 

restriction. 

2 

Concern for clean air requires that coal-fired equipment limits 

its emissions of particulates, sulfur dioxide and oxides of nitrogen. 

Sulfur emissjon limits from coal-fired boilers in U.S range from less 

than 1.0 pound per million Btu(MMBtu) to more than 9.0 pounds per 

MMBtu (Kilgor~, 1982). For example, in the Commonwealth of 

Pennsylvania, for coal-fired plants located in the rural areas and 

near major coalfields, the law requires that sulfur dioxide emission 

must be less than 4.0 pounds per MMBtu of heat input at anytime. The 

limit 9f 4.0 pounds of sulfur dioxide per MMBtu heat input translates 

to about 2.5 percent sulfur content, for coal having 12,500 Btu heat 

input per pound. For coal-fired units in Pennslyvania which are 

located near urban areas, the Environmental Protection Agency (EPA) 

limits of sulfur dioxide emission are in the 0.6 to 0.7 pound sulfur 

dioxide per MMBtu range. In the state of West Virginia, the total 

pounds of sulfur dioxide emitted per hour cannot exceed twice the 

total design heat input. 

Application of these regulations to a coal-fired boiler depends 

on when the boiler was constructed. For boilers constructed between 

1971 and 1979, the EPA specifies an emission limit of 1.2 pounds 

sulfur dioxide per MMBtu, averaging over three hours. Coal-fired 

power plants constructed after 1979, though, cannot emit more than 1.2 

pounds sulfur dioxide per MMBtu; such plants in addition must remove 
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between 70 and 90 percent of potential sulfur dioxide emissions by 

combination of coal cleaning, which includes washing, as well as 

scrubbing. For coal emitting less than 0.6 pound S02 per MMBtu, the 

70 percent reduction level applies. Emissions of particulate matter 

and oxides of nitrogen are also limited to 0.03 and 0.60 pounds per 

MMBtu, respectively. The quantity of oxides of nitrogen must be 

controlled within the three hour averageing time. Therefore, there is 

the need for an effective utilization of coal by utility companies not 

only to provide cheap electricity, but also to control the emission of 

by-products of gases and particulates. 

To meet the sulfur dioxide emission standards, electric utilities 

would like to find plentiful supplies of low sulfur coals with high 

Btu heating value. Unfortu~ately, such supplies do nct exist any 

longer in the areas of high el~ctricity demand, such as Pennsylavnia. 

In the U.S, there are three broad areas of importance in coal 

production (Zimmerman, 1975). The most important are the Appalachian 

coalfields which account for about 62 percent of total national 

production. The second area of importance is the midwestern area 

which produces about 25 percent national coal total. The far western 

region consisting of Montana, Wyoming and Utah produces the remaining 

13 percent national total. The Appalachian coalfields produce high 

sulfur (above 2 percent) as well as coal of metallurgical grade Which 

has much lower sulfur content. The midwestern coals are almost 

exclusively high sulfur and the western coals exclusively low sulfur 

(less than 1 percent). 



4 

The alternatives available to the utility plants which must use 

high sulfur coal is to remove the sulfur before, during or after 

combustion. Currently available methods for controlling sulfur 

emission from coal-fired plants are (i) chemical treatment to extract 

sulfur from coal, (ii) conversion of coal to clean fuel by such 

processes as gasification and liqutaction, and (iii) removal of 

sulfur dioxides from the combustion of flue gas. However, both 

gasification and liquefaction are energy conversion processes which 

must upgrade energy in order to be attractive. The stack 

desulfurization ~ethod removes the sulfur content after coal 

combustion; the technique has been noted not to be very reliable 

(Electric Power Research Institute, 1978). The fourth alternative is 

to use low sulfur coal, either naturally occuring or physically 

cleaned. Of all these methods, physical removal of pyritic sulfur is 

not only the lowest cost alternative, but also the most developed 

technology t~ date. Figure 1.1 shows a schematic of an overall 

emission control strategy of a typical utility company (Kim et al., 

1982). 

Coal-fired power plants r~ceive their coal supplies from either a 

single mine or from different mines simultaneously throughout their 

lives of operation. Coals from different sources may be essential to 

produce a blend which will ensure satisfactory combustion, as well as 

meet air quality regulations. External to the power plant, effective 

management and operation of various coal handling facilities are also 

required to maintain reliable delivery of suitable quantities of coal 



PROCESS I 
(DECISION) PROCESS 2 PROCESS 4 

Process 1: Short-term mine planning - production scheduling, mining dilution. 

Process 2: External blending - stockpiling. 

Process 3: Washability analysis - choice bf size fractions, washing density 
(densities). 

Process 4: Additional blending - for emission control. 

Figure 1.1 A schematic diagram of an overall emission control strategy. 

VI 
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to the power plant. Coal is a heterogeneous material whose properties 

can vary over a wide range even within coal from the same mine. 

Therefore, in order to maintain consistent coal quality, close and 

continued attention must be paid to all aspects of coal recovery and 

processing. The general problem this dissertation examines is the 

effective coal quality control at the mine cleaning plant and power 

plant. 

1.2 Statement of the Problem 

Utility companies prefer coals whose properties, especially that 

of ash, conform with the power plant design and whose sulfur content 

meets the sulfur emission requirement after combustion. It is 

generally difficult to obtain coal of desired qualities from one 

source because of the variable nature of coal properties. Blending of 

coals from different sources is therefore becoming mandatory not only 

from an economic standpoint but also from the necessity of meeting 

emission requirements. In addition to homogenizing the coal product, 

blending can be used independently to control the mineral contents of 

coal. By adjustment of the proportions of coals of different 

qualities, blending can permit utilization of coals which may be 

unsuitable for combustion. However, blending requires careful 

selection of coals of different qualities. Randomly blending coals of 

different qualities may affect the combustion process, especially if 

the fusion temperature of ash deviates from that of the plant design 

(Phillips, 1977). 
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Figure 1.2 shows a simplifed diagram showing the flow of a coal 

from mines to a coal utility plant. At the mine, coal is extracted 

from various active working sections and then transported to the 

surface silos. Coal from underground mines reaches the surface via 

face conveyor belts which feed the main conveyor. From the main 

conveyor, the coal is either hoisted to the surface or transported by 

track haulage. In the case of surface mining opera~ion, the recovered 

coal is trucked directly to the silo installation. Because coal 

properties can vary considerably, the quality of run of mine(ROM) coal 

composite will depend on both the quality and quantity of coal mined 

from each active section. If it is desired to control the ROM coal 

quality, the rate of coal production from each section should be 

regulated. The effect of this approach is to blend the coal through 

the sequence of mining. Such an approach requires a prior knowledge 

of the coal quality of potential mining blocks. Though the long term 

average ROM coal quality is not significantly affected, such blending 

technique smoothes the ROM variability. Therefore, for an operating 

coal mine, blending of coal from different workings has the potential 

to improve the ROM coal quality during a short-term planning period. 

In most mines, current practice is to assign crews of workers to 

active sections, with little or no consideration to the quality of 

coal to be mined during the planning period. Figure 1.3 shows ROM 

sulfur variability of such an operation in the eastern U.S. 

Most utility companies receive coal supplies from different mines 

simultaneously. Such companies usually enter a long term contract 
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with coal producers in order to reduce risks when coal price, quality, 

and production are unstable. Most long term contracts between the 

coal producers and the utility companies contain clauses covering the 

specification of quality, quantity and price. While attempts may be 

made by each producing mine to maintain the contract specification 

during the delivery period, the average quality of various coals from 

different mines which arrive at the utility company at the same period 

could significantly depart from the power plant design, especially if 

coal is directly burnt without further treatment. Stockpiling 

strategy is normally used to blend coal from different sources to 

ensure the burning of good quality coal. Therefore, blending 

technique can be used to determine the optimum coal combinations from 

the coal suppliers at any instant. The effective implementation of 

this technique requires regular analysis of the properties of coal 

from each supplier. 

Where the mixed coals are still of poor quality, coal is further 

cleaned to remove the unwanted ash and pyritic sulfur. The process 

commonly used to remove coal impurities is gravity sepa~ation. For a 

particular coal cleaning plant, the quality of cleaned coal, in all 

cases, will depend on the raw coal properties. If coal from various 

sources is to be cleaned, the yield at any instant will depend on the 

instantaneous composite properties of the coal from the sources. There 

is the possibility of regulating the quantities of various coals in 

order to optimize both the yield and cleaned coal properties at any 

instant. For example, in order to comply with the EPA emission 
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regulation and also burn a limited amount of coal, the cleaned coal 

should contain a minimum amount of sulfur and maximum amount of 

heating value concurrently. Blending technique can be applied to 

ensure that the cleaned coal contains minimum sulfur and also maximum 

heating value on a timely basis. 

Not all of the above coal quality control techniques are used to 

solve blending problems at coal production-consumption phases. This 

is partly due to the problem of collecting the necessary data for 

effective implementation of blending technique. 

The general problem area this dissertation is concerned with is how 

blending technique can be utilized effectively to control coal quality 

at the production-consumption phases. 

1.3 Scope of~ud~ 

Blending, in general, requires lots of material handling. In 

order to make the blending function most economical, it must be 

integrated within coal mining, storage and reclaiming systems. 

Between coal production and consumption phases. material handling is 

inevitable at the producing mine site, coal preparation plant, and the 

user's site. These three locations were therefore considered as the 

obvious places to integrate coal blending function without a 

significant increase in material handling cost. The scope of work 

entails applications of Operations Research (OR) techniques to develop 

blending models with the objective of controlling coal quality at the 

mining, contracting and physical cleaning phases. At the mine 
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production phase, an operational production scheduling model was 

developed which is capable of controlling the run of mine coal sulfur. 

The model integrates blending with operational mine planning at the 

production face. 

The second blending problem investigated was the optimal way to 

combine coals of different properties, such as sulfur, ash and 

calorific value, to obtain the desired quality of the end product. 

This problem may arise when a utility company enters a long term 

contract with different coal producers, or is purchasing high quality 

coal from the spot market to blend sub-quality coal. The second model 

therefore applies blending technique at the site of coal user. 

Though attempts could be made by individual mines to blend coal 

from various active workings, very poor quality coals cannot be 

improved significantly by blending only. If blended coal is still of 

poor quality, it is upgraded by physical cleaning. The third blending 

problem investigated was determination of optimum quantities of coal 

from various sources feeding a coal cleaning plant. The specific 

problem addressed here is how to combine coals of different qualities 

to feed a coal cleaning plant so that the cleaned coal will provide 

the required properties, especially minimum amount of sulfur and 

maximum heating value per pound of cleaned coal. 

The above three specific problems were solved by using 

mathematical programming models. Zero-one (0-1) programming was used 

in the modelling of the operational mine scheduling problem. A linear 

programming (LP) technique was used to solve the problem of 
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GetcLmining the quantities of coal from various sources to obtain the 

required end product. Finally, multiobjective programming model was 

used to determine the optimum combination of coal cleaning plant 

requirements to produce the required cleaned coal properties on timely 

basis. Two objectives reconciled in the multiobjective modelling were 

minimization of total sulfur content and maximization of total Btu 

content of cleaned coal. 

In order to control the quality of coal required for burning, one 

must be familiar with the properties of the material to be controlled. 

Chapter Two reviews some of the properties of coal and some of the 

standard methods used for improving coal quality. 



CHAPTER TWO 

COAL PROPERTIES AND QUALITY CONTROL METHODS 

2.1 Coal Pro~_ti~s and Power P~.ant ~erforman~~. 

An important element in the design and operation of coal-fired 

steam generating equipment is the property of coal to be burnt. All 

coals have certain properties which limit their uses. Although 

boilers are usually designed and equipped to use different coals 

satisfactorily, no boiler installation can perform equally well with 

all types of coals. 

Coal is a heterogenous mixture of plant-derived organic 

constituents and minerals. The variability of coal properties depends 

on not only the nature uf coal forming vegetative matter, but also the 

changes which took place during coalification phases. There are two 

main methods of measuring and evaluating the properties of coal. 

These are rank and petrographic classifications. The petrographic 

classification is based on the various coal components. Petrography is 

used primarily in the study of metallurgical coal purposes and has, to 

date, found little application in the analysis of steam coals. 

The rank classification is based on degree of coalification of 

the parent plant material. The American Society of Testing and 

Material(ASIM) classification of rank system includes anthracite, 

bituminous, subbituminous and lignite. The standard ASTM 

14 
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classification of coals by rank is shown in Table 2.1 (Crickmen and 

Zegeer, l~al). The ordering of higher ranked coals, e.g., anthracite 

is based upon the fixed carbon and volatile matter content. Fixed 

carbon content increases While volatile matter decreases with an 

increase in rank for highly ranked coals. The lower ranked coals, for 

example lignite, are instead ordered in terms of their calorific 

values which decrease in rank. Anthracite, the highest ranked coals, 

contain more than 86 percent fixed carbon and less than 8 percent 

volatile matter. This makes it physically hard and brittle, though 

slow to burn, and generally unsuitable for pulverized coal furnaces. 

Bituminous coals are classified as low or medium volatile coals when 

they contain 14 to 31 percent volatile matter, respectively, and also 

less than 70 percent fixed carbon. Such coals are preferred for 

metallurgical purposes and are generally blended with high volatile 

coals to improve their combustion properties in steam generating 

furnaces. The high volatile coals are the bituminous, subbituminous 

and lignitic coals. Bituminous coals contain between 11,500 and 

14,000 Btu per pound, subbituminous coals contain between 8,300 and 

10,500 Btu per pound,- and lignites contain less than 8,300 

Btu/pound. Between 10,500 and 15,000 Btu per pound, coal is 

classified as bituminous if it agglomerates upon heating, otherwise as 

subbituminous. 

Anthracite coals are used primarily for home heating and for fuel 

ill small boilers. Bituminous coals are used mainly for electrical 

production, coke production and small boiler fuels. The lignitic 



Table 2.1 American Society for Testing and Materials Classification of Coal 

Class 

Anthracite 

Bituminous 

Subbituminous 

Lignite 

Classification o~ Coals b~~nk 

Group 

Meta-anthracite 
Anthracite 
Semianthracite 

Low-volatile Bituminous 
Medium-volatile Bituminous 
High-volatile A Bituminous 
High-volatile B Bituminous 
High-volatile C Bituminous 

Subbituminous A 
Subbituminous B 
Subbituminoua C 

Lignite A 
Lignite B ._-_. 

._------------------ -------_. 
Fixed Carbon 

I.imit (%) 
M1.n Max 

98 
92 
86 

78 
69 

98 
92 

86 
78 

Volatile 
Matter 

Limit (%) 
Min Max 

2 
8 

2 
8 

14 

Calorific 
Value 

Limit (%) 
Min Max 

---------------------
14 
22 
69 

22 
31 
31 14,000 

13,000 
10,500 

10,500 
9,500 
8.300 

6,300 

14,000 
13,000 

8,300 
6,300 .---. 

I-' 
0\ 
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coals. however, are not commonly used bec~~se of their low calorific 

content. 

The principal elements of coal which affect the design and 

operation of a steam generator are S(sulfur), C(carbon). H(hydrogen) 

and O(oxygen). The C, H and 0 contents in coal determin~ the amount 

of air necessary to completely burn the coal. Carbon and hydrogen are 

the prime reactants in coal. The significance of oxygen in coal is to 

reduce the amount of air needed for combustion. 

Prior to the enactment of the sulfur emission regulation, the 

calorific value and the price of coal were the important factors which 

decided whether or not a particular type of coal was acceptable to 

coal burning utility. The calorific value is important because for a 

given thermal efficiency, coal consumption is essentially inversely 

proportional to heating value. At present, some utilities may choose 

to pay a premium for coals with lower heating value if such coals meet 

emission regulations. For example, it may be preferable to select 

coals with 8,000 Btu per pound heating value containing 0.5 percent 

sulfur instead of coals with 11,000 Btu per pound containing 4 percent 

sulfur. 

Sulf~r occurs in coal in thrae forms. It is present in organic 

combination as part of coal substance~ as pyrite or marcasite and as 

sulfates. Pyrites and marcasites constitute the principal fer: of 

sulfur found in coals. Pyrite and marcasite are heavier than coal. 

Their contents of coals can be reduced significantly by methods of 

size and gravimetric separation. The amount of organic sulfur 
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normally is less than 25 percent of the total sulfur. The organic 

sulfur is an integral part of coal matrix and generally cannot be 

reduced by direct physical separation. The sulfate is present in coal 

primarily as either gypsum or iron sulfate. Sulfate sulfur contents 

are usually less than 0.05 percent in raw coal. 

The properties of coal ash which dictate the operation of steam 

generators are basically the erosive quality of ash particles and the 

tendency of ash to slag and foul the heat transfer surfaces. An 

increase in ash content in coal decreases the calorific value of coal. 

Busch and Vaninetti (1980) reported that with an increase in ash 

content beyond one and half times a plant design ash level, the power 

plant problems become exponential with increase in ash content in 

coal. The quantity of ash in coal also determines the rating of the 

ash removal equipment and the land necessary to store the ash over the 

life of the plant. About 20 percent of the ash produced in pulverized 

coal fired furnaces falls to the bottom of the furnaces; the remaining 

80 percent are discharged as fly ash. 

It is apparent that the single most important element in a power 

plant which burns coal is the quality of the coal to be burnt. The 

important coal properties are sulfur, calorific value and ash. The 

relative difference between the sulfur and ash content of various coal 

deposits results from the depositional environments which is 

controlled by the initial stages of coal formation. Because coal 

properties vary significantly from one coal seam to the other coal 

seam, a steam generator designed for one coal may perform badly when 

another coal is burnt. 
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~__!!l_Lsical Cleanin~_E~~~Quality Contr~~ -

Coal impurities can either be inherent or removable. In general, 

the inherent impuritie s cannot be separated from the coal. The 

removable impurities can be segregated and are normally eliminated by 

physical cleaning. The principal purpose of physical cleaning of coal 

has been to reduce the ash forming impurities. If any of the 

impurities are pyrites or marcasites, it would also reduce the total 

sulfur in the clean coal. The physical processes commonly used to 

remove coal impurities re ly upon difference in shape, size and 

specific gravity (SG) of coal and mineral particles. The process 

commonly used to remove coal impurities i s SG separation which relies 

on the difference in dens i ty between coal and minerals mixe d with raw 

coal. For example, the SG of bitumi nous coal is between 1.12 and 1.35 

while that of pyrite is be tween 4.8 and 5.2. The coal will normally 

float in a fluid of SG exceedi n g 1.35, e.g., 1.5, while pyrite would 

sink in a similar fluid to effect mineral separation. Reduction of 

mineral impurities can best be obtained at both low SG and small 

p~rticle size, but separation at both conditions are not economically 

viable (Cavallora, Johnston and Deurbrouck, 1976). Figure 2.1 shows 

effects of size reduction and specific gravity on sulfur reduction. 

In order to determine the preparation method and the equipment 

needed to clean a coal, washability tests must be conducted (Leonard, 

1979). Washability analysis is the evaluation of physical properties 

of a coal which determine its amenability to improvements in quality 
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by cleaning. In these tests, a coal sample is crushed and separated 

into various size ranges. Each size fraction is tested in float-sink 

liquid of standard specific gravity. The weight, percentage ash, heat 

content, sulfur content of each density and size fraction are then 

determined. The washability characteristics are thought of in terms 

of the weight distribution of a coal in relation to its specific 

gravity and chemical analysis (Leonard, 1979). This information is 

useful in determining the mineral and desu1furization potential of 

coal. The washability information is also used to specify the design 

and operation conditions for coal cleaning equipment. 

The existing cleaning processes, while removing impurities from 

coal, also reduce the total Btu recovery. However, the Btu content 

per unit weight of the clean coal increases owing to removal of low 

heat value impurities. In practice, an economic balance must be 

achieved between the Btu loss and the improvement in coal quality. 

In general, the quality of coal can be improved by removing ash 

and sulfur at an attractive cost (Kilgore, 1982). The cleaned coals 

with reduced ash and sulfur contents are often not too far from the 

sulfur levels required to meet environmental standards. This is 

because substantial quantities of U.S coals exhibit reasonable sulfur 

reductions on physical cleaning. For example, physically cleaned 

Northern Appalachian and Midwestern coals can be used to meet the 

moderate emission limits specified for old boilers (Kilgore, 1982). 

However, only few of such coals can be cleaned to the 1.2 pounds 

sulfur dioxide per MMBtu level. The sulfur content in the coal after 
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cleaning depends on the initial sulfur content, the relative amount of 

pyritic to organic sulfur, and on the dispersion of the pyritic sulfur 

within the coal. 

2.3 Coal Blending and Coal Quality Control 

The selection of coal from a single source to meet S02 emission 

law creates some practical problems such as meeting both quality and 

quantity requirements. Therefore, blending of high and low sulfur 

coals, either cleaned or uncleaned from several sources is sometimes 

considered. In fact, the blending of different coals to obtain the 

optimum quality is very popular in the coal industry. The main 

purpose of coal blending is to reduce fluctuations in coal properties. 

Lowering the average sulfur content is also one reason for blending 

coals. Blending has been a useful technique for controlling the 

mineral contents of coals. 

Blended coals offe~ other important benefits to a coal-fired 

plant. Toe capital cost of the boiler may be reduced if the coal to 

be burnt can be relied upon not to vary too much in.heating value. 

Otherwise, the coal fired boiler and its auxiliary equipment must be 

designed to accomodate a wide latitude of heating value and associated 

volume of coal. 

Blending may be performed at the mine, at the preparation plant, 

at the coal transshipping terminal, or as part of the user's coal 

handling system. At the mine site, coal blending can be incorporated 

in day to day mine planning. Also, when shipping coals by more than 
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one mode of transportation, the offhandling and reloading task offers 

opportunity for blending of different coals. At the coal user's site, 

the coal handling system offers another potential area for blending. 

Coals can be blended either prior to their combustion or prior to 

their beneficiation. In the case of the former, careful attention 

must be paid to the washability characteristics of each coal to make 

certain that the blend has suitable properties. This is because some 

of the combustion problems caused by blends have been traced to the 

percentages of several minerals in the ash. In general, it is 

recommended that a 3~1 ratio of acidic ash coals to basic coals will 

give better results than a 1:1 ratio (Phillips, 1978). Blending of 

coals should, therefore, be undertaken with the understanding of their 

chemical properties. 

2.4 Mine Planning and Grade Control 

Mine planning is divided into four catergories, viz, long range, 

medium range, short range and operational planning. A long range plan 

defines the ultimate economic limit of the mine. The primary 

objective of long range mine planning is to develop mining sequences 

which will define the economic limit of the mdne. It serves as an aid 

in evaluation of the economic potential of a mine. Because planning 

is usually done with relatively scanty information, an effective coal 

quality (ore grade) control is not practically possible. 

The medium range planning is concerned with a time span from one 

to about ten years. It provides information necessary for forecasting 
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future pruduction and cost. There is also practical limitation in 

controlling coal quality (ore grade) during medium range planning, 

owing to limited information about grades. Davies, Low and Smith 

(1975) used a mixed integer programming technique to obtain optimal 

mining plans for a five year period. The amount of diamond ore 

excavated annually was computed within the constraints imposed by 

market, labor, machines and the mill. De John and Lieberknech (1975) 

also used a mixed integer programming model to determine the optimal 

development and extraction rates from various sections of the mine. 

They claimed their model proved a valuable tool for planning and 

examining alternative mining and investment decisions. 

Short range planning contains all activities which are planned 

between one and twelve months period. The short range plan defines 

resources and labour requirements, future production and cost. More 

distinct information about the nature of mineralization and equipment 

performance is required in short range than medium range planning. 

Gershon (1982) used a mixed integer programming model to optimize mine 

production, mdll blending and proccessing simultaneously. His model 

attempted to combine long range, medium range and short range 

scheduling requirements of a mine. 

Operational planning is concerned with daily or weekly 

requirements of the mine. Proper operational planning must conform to 

short range mine plans as well as satisfying many practical details 

that are unique to day to day operations (Kim, 1979). Grade control 

problems are usually incorporated in the operational planning provided 
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that the necessary detail information is known in advance. The 

planning objective may vary between mines. However, the most common 

planning objective is maximization of tonnage, while meeting the 

requirements of physical and geological constraints, policies and 

mining methods. The basic data required in any operational planning 

are grade(s) of ore (or coal quality), plant specifications and 

capacity of the mill or plant. Difficulties in optimum production 

schedule are caused by variability of grade and inability to 

accurately predict grades of smaller mining units. Therefore, 

detailed information on ore grade (coal properties) is essential for 

reliable operational planning. 

Kim (1967), developed an optimum operational mining plan for 

open-pit mine using LP technique. His model objective was to maximize 

the total mineral content to be. extracted during a planning period. 

Wilke and Reimer (1977) used a linear p~ogramming model to minimize 

the deviation from a given long-medium range production plan. In 

their model, both the quality and quantity had to be met during the 

planning period of about a week, while ensuring maximal flexibility of 

the mining system. Wilke and Woehrle (1979) also used a similar LP 

model to monitor the operation of a mine in Germany. Starting from a 

desired grade, their LP model had to meet the tonnage requirement 

while minimizing the operation cost during a shift. 

Operations ResearCh (OR) techniques have been used to solve many 

mining problems. Such problems range from day to day decisions to 

long-term mine planning. In the area of mine planning, OR techniques 
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serve as tools in the examination of alternative solutions to most 

practical problems. These OR techniques include linear programming 

(LP) applications, integer programming (IP), dynamic programming (DP) , 

Graph and Network methods, simulations and some heuristic methods. 

The techniques used in this dissertation are briefly reviewed in 

Chapter Four. Chapter Three describes how the overall emission 

control models were formulated. 



CHAPTER THREE 

PROBLEM DEFINITION AND MODEL FORMULATION 

Every coal supplier is charged with the responsibility to meet 

the user's contract terms. At the same time the utility plant owner 

is interested to know in advance the quality of coal to be burnt which 

should meet the environmental regulations. There is the need to 

control and to predict the quality of coal at the user's site owing to 

EPA sulfur emission requirements 

Coal quality control between the mine site and the utility plant 

is a complex problem owing to the variable nature of coal properties, 

even within the same seam. This chapter focuses on how the coal 

quality control models were formulated in this dissertation. The 

modelling assumptions made are also discussed. 

3.1 Coal Blending at the Mine Phase 

Controlling quality of coal at the source, i.e., the mine, may be 

the first phase in any coal quality control program. With every 

active coal mine, the exposed coal at any instant must be mined 

regardless of its quality. Pillars may be left in place in coal 

mining to provide ground stability. The mining methods, especially in 

the case of underground mining system, do not allow poor quality coal 

to be left inplace, unlike some metalliferous mining systems. 

Consequently, coal quality control at a mine can only be achieved by 
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an effective mine planning. Ore grade control problems are commonly 

incorporated in operational mine planning. This is ~cause during 

operational mine planning, there is usually more available sample 

information than during either short or medium term mine planning. 
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The control of coal quality at the mine phase is usually planned 

from in-situ coal parameters which are estimated from samples. These 

samples are commonly used to generate maps of in-situ coal parameters. 

Yith such maps, it is possible to know in advance the effect of mining 

from different sections of the mine. i.e., whether or not the required 

quantity and quality of coal can be met during the planning period. 

In practice, most productive sections of a mine, e.g., shortwall and 

longwall working areas produce large volumes of coal when they are in 

operation. The effect of these sections on overall ROM quality is 

often pronounced. When such workings produce high percentage of 

sulfur, the overall mine production tends to have high sulfur 

grade. The control of coal quality with operational mine planning was 

considered as the first step in any coal quality control strategy. 

The option of blending coal from different working sections was 

modelled. 

Mine planning is based on reliable estimates of grades of future 

mining blocks. Consequently, in order to dev2lop any coal quality 

control strategy, the mine should have the capability to predict both 

the quality and the variablility of the pertinent coal parameters with 

some degree of certainty. Coal quality cannot be controlled without 

some information about possible qualities of future mining blocks. At 
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~ost ~ines, ore samples are in the form of core~ channel or bulk 

samples. In the case of coal, the ASTM sampling procedures ar~ used 

(Annual Book of ASTM Standard, 1976). Where the s~ples are of mixed 

types, e.g., core and channel samples, volume-variance relationship is 

used to ensure compatibility. Sampling and chemical analysis are 

costly items. Hence the need for samples must be justified 

economically. In this dissertation, it is assumed that samples are 

found necessary, especially for operational mine planning. The 

economic justification of sample information is not addressed in this 

dissertation. In practice geostatistical techniques can be used to 

determine the optimum sampling size which gives the desired 

reliability of the estimate of a mining block. This approach is 

illustrated in the Appendix. 

Samples are used to estimate in-situ coal parameters. The in

situ coal quality will normally differ from ROM coal quality owing to 

the effect of mining dilution. Coal mining methods which integrate 

direct roof supports, e.g., shortwall mining system are associated 

with less mining dilution. In this dissertation, the effect of 

dilution on in-situ coal estimation and consequently, mine planning is 

ignored for simplification. This first blending problem was 

formulated as an integer programming model to mine coal from different 

working areas with the assumption of knowing the possible in-situ 

grades of future mining blocks. 
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3.2 Bleuding COal from Different Suppliers 

It is generally difficult to obtain ROM coal from most coal 

sources to provide the desired low sulfur content. It is also 

impracticable to obtain coal from one single source which provides all 

the desired qualities. To ensure continuity of supply and to obtain 

the best end product, coal is generally purchased from several 

sources. The purchased coals are then blended to suit a desired 

specification. 

Coal users currently obtain coal either from long term purchase 

contract or from spot market, and also from captive coal production, 

if any. A high percentage of coal is obtained by long term contract. 

A long term contract is typically used to reduce risks when the price, 

quality, and quantity may be somewhat unstable. Spot purchases are 

used to cover potential shortages and where low sulfur coal is 

required for immediate blending of high sulfur coal. Most long term 

contracts between coal producers and utilities contain clauses 

covering the following: 

1. specification of properties of r~serves from which coal 

will be mined, 

2. contract length, quantity of coal to be delivered, 

3. quality descriptions of coal purchased, 

4. price and price adjustment, 

5. conditions under which contract provisions can be breached 

or the contract can be renegotiated, and 



6. penalties associated with various breaches of contract 

provisions. 
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The specification of a coal contract to some extent also implies 

the specification of air pollution control strategy. On arriving at 

its destination, the coal is usually sampled and assayed to ensure 

that contract terms are met. In some cases contract terms may be 

violated and spot purchases are used for blending. Sometimes the spot 

purchases may fall below quantity level contracted. Under such a 

situation, stockpiled coal is used to meet both the quality and 

quantity requirements. 

The computation of the quantities of coal to be used in blending 

coals from various suppliers to meet end product becomes tedious and 

time consuming as the number of suppliers increases. There are 

usually many possible combinations of coals which can be blended to 

the desired specifications. The best among these "feasible" 

combinations is the set which is at the lowest cost. The second 

problem modelled is to determine the options available to a coal 

purchaser who wants to blend coal from various sources to meet the 

specifications of the end product at a minimum cost. This blending 

problem was formulated as a linear programming (LP) model, and solved 

from the point of view of EPA emission and the coal utility plant 

requirements. The model assumptions include predetermined 

specifications of the blended product by the decision maker. The 

performance of the user's steam generator, on the basis of fuel 

analYSis, usually controls the specifications of the blended product. 



Also, each coal supplier's price per ton of coal, including 

transportation cost is assumed to be known. 

3.3 Blending Coal Prior to its Cleaning. 
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Where the blended coal is still of poor quality, coal is 

physically cleaned to remove impurities of ash and pyritic sulfur. 

Coals feeding a cleaning plant usually come from different sources. 

Consequently, the performance of a cleaning plant will vary depending 

on the quality of mixed feed to the cleaning plant. There must be a 

combination of such coals of different properties from these sources, 

which must produce an optimum product at any instaat. 

In modelling such a blending problem some assumptions have to be 

made. During a specified tiwe period, there can be a wide range of 

coal qualities feeding the cleaning plant which will continuously 

influence cleaned coal product. It was assumed that coal properties 

do not change within sampling interval. In other words, the sampling 

interval controls the rate of variation of the raw coal properties. 

The operating characteristics of the coal cleaning plant is 

another key factor whiCh influences cieaned coal quality. !he 

performance of a coal cleaning plant is determined from laboratory 

washability analysis. The laboratory information is used to assess 

the coal cleaning plant performance. No cleaning plant cleans coal 

with the same efficiency as the laboratory float and sink 

separation. The operating inefficiencies of a cleaning plant usually 

are ignored in the laboratory. A simplified deterministic model which 
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relates coal properties to cleaned coal quality of a specific cleaning 

plant was used to represent the mode of operation of the coal cleaning 

plant. The drawbaCk of a deterministic model is its data 

dependency. As more data is made available, the model parameters may 

also change. 

With the above two major assumptions, the problem of blending 

coals from different sources prior to cleaning was considered as a 

multiobjective decision problem. The utility plant owner's desire is 

to use coal of high thermal value, while meeting the EPA emission 

requirements. The model developed determines a cleaned coal product 

which contains both high thermal unit and low sulfur content at any 

instant. 

3.4 Coal Blending Models 

The complex problem of controlling coal quality between the mine 

and power plant has been reduced to three basic phases. First, with 

the aid of operational mine planning, coal is blended at the coal 

producing mines such that the "best" quality of coal is mined during a 

planning period, while meeting management production objectives. From 

the coal user's point of view, each coal producer mu~t attempt to 

produce an optimum product in order to meet the contracting terms. 

Because coals from different sources will have different properties, 

such coals must be mixed before they are used. The second phase of 

coal quality control is to combine economically coals produced by 

different suppliers to meet the specification of the power plant. If 
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the mixed coal from various sources neither meet the utility plant 

requirement nor the EPA emission specifications, the coal is 

physically cleaned. The final phase of coal quality control strategy 

is to clean optimally coals from various sources to meet the end 

product. Figure 3.1 is a simplified flowchart of the 

interrelationship between the above three models. The three models 

are not interchangeable. The model development at each stage is 

discussed in Chapter Four. 



Each Coal Supplier Produces Best Quality of Coal 
using 

Operational Mine Planning Model 

Coal User Combines Coals frcm Various 
Suppliers using 

External PurchasinQ LP Model 

Yes 

Bl6nd Coal using 
Multiobjective Model 

prior to cleaning 
Stockpile 

Burn Coal 

Figure 3.1 Simplified flowchart of developed blending 
models. 

35 



CHAP1'ER. FOUR 

DEVELOPMENT OF COAL BLENDING MODELS 

In this chapter, three mathematical programming models are 

developed. The prime objective of these models is to aid in 

controlling the quality of coal required by a utility company. The 

first model is an operational scheduling model. The model uses zero

one programming formulation to select potential working areas of a 

mine on the basis of predicted information. The second model uses a 

linear programming formulation to determine the options available to a 

coal purchaser who wants to blend coal from various sources to meet 

the specification of the end product at a minimum cost. In the third 

model, a multiobjective programming technique is used to determine the 

optimal combinations of coals from various sources prior to cleaning 

by a mechanical washing plant. The third model determines the tonnage 

of coal to be cleaned from different sources~ e.g., stockpiles, which 

feed a cleaning plant, so that the tctal sulfur content of the cleaned 

coal Is miiLi.ru.::'z<=.:i, .11i1.:: lfIaxiruizing its heating value. The method of 

solution of each model is discussed following the development of the 

model. 

Mathematical programming models involve optimization of a 

quantity usually referred to as the objective function sabject to a 

set of constraints which define the feasiblility (Beale, 1968). The 
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objective function and constraints are mathematical functions of 

decision variables and parameters. The decision variables are aspects 

of the system which can be controlled while parameters are not 

controllable by the decision maker. The general form of the 

mathemstical programming problem is given in equation (4.1). 

Minimize Z(x) 
(4.1) 

Subject to gi(x) > 0 

Although the above constraints are written as equalities, mathematical 

programming admits inequality constraints. 

~~_~rational Mine Planning and Qoal Quality Control 

4.1.1 Objectives of Operational Mine Planning 

The objectives of the operational mine planning model considered 

in this chapter are two-fold. First, the coal quality requirements 

for a planning period must be met, subject to some physical and 

geological constraints, policies and mining methods. Secondly, the 

quantity requirements must ensure sufficient coal prod~ction. These 

two objectives have highest priorities in an operational planning, as 

lack of control of coal quality (or grade) and quantity (or tonnage) 

will have definite economic effect on the mine. 

In the model formulation, the following factors were also 

considered: 

(i) The operational scheduling must be tied in with both the 

short, medium and long-range mine plans. This const£aint prevents 



selective mining of high quality (grade) areas and also keeps the 

mine development within long term economic optimillll. 
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(ii) The model must reasonably represent the mining practice. A 

typical example is keeping the most productive working area and its 

development areas operating at all times. 

(iii) The model must be flexible enough to handle normal period to 

period problems. 

(iv) For each planning period, e.g., a shift, all the available 

machines and crews must be fully utilized to reduce mining cost. 

The operation being considered for modelling concerns a coal mine 

which must control sulfur quality of ROM coal. The sulfur quality 

requirement, therefore, was given a high priority with respect to 

other coal variables. The model objective is to minimize the total 

amount of sulfur mined during planning period subject to other 

physical and geological constraints and management objectives. The 

scheduling model therefore, determines which working areas in the face 

mine should be mined during a planning period to meet the sulfur 

quality and coal tonnage requirements. 

4.1.2 Operational ¥dne Scheduling Model Fvrmul~tion 

Mine planning, in general, is based on predicted information 

about the in-situ grades of the deposit. Consequently, production 

scheduling for the purpose of controlling coal quality, e.g., sulfur, 

must be based on the predicted data of the contemplated mining faces. 



In the operational mine scheduling, the decision to be made is 

which working areas should be mined. A decision variable ~ 

represents the ith working area and takes on a value of either zero 

(0) or one (1). 

{ 1 if ith working area is mined 

o if ith working area is not mined 
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With Xi denoting the ith working area whose predicted sulfur and 

tonnage values for a period, are 5i (%) and Ti (tons), respectively, 

the objective function of an integer programming formulation of 

reducing total sulfur content is expressed by equation (4.2) below. 

N 

Minimize ~ XiSi!i 

i=l 

where N is the total number of working areas. 

The restriction with regard to both quality and tonnage 

requirements are formulated in the following way. First, ROM 

(4.2) 

composite sulfur must not exceed maximum~allowed, Smax (%), during a 

shift (or period). 

N 

~ 
i=l 

X.S.T. 
l. l. l. 

(4.3) 
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Also, all available crews, NC, must be assigned during a period 

(or shift). A mining crew in this context consists of a group of 

miners assigned to a working area during a period (or shift) to mine 

coal (or ore). This constraint which guarantees a minimum production 

during a period, assumes that during any period, the available crews 

do not exceed the total number of potential working areas. 

N 

NC (4.4) 

i=l 

Thirdly, the most productive section, e.g., the shortwall and its 

development areas, should be worked at all times. This is a common 

mining practice so as to maintain a reasonable tonnage level. If 

decision variables Xj and Xj +l represent the shortwall section and its 

development section, respectively, this constraint is given by 

equation (4.5) below. 

1 (4.5) 

Fourthly, a decision variable, Xi' must be either 0 or 1. If Xi 

is zero (0), then the ith section is not mined, and vice versa. 

Xi = 0 or 1 i = 1, 2, ••••• , N (4.6) 
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4.1.3 Solution to Mine Scheduling Model 

The formulation defined by equations (4.2) through (4.6) is a 

typical integer program formulation with binary (zero-one) variables. 

The procedures for solving integer programs can be categorized as (1) 

cutting methods and (2) search methods (Taha, 1978). The search 

methods are commonly termed ""branch and bound"" and ""implicit 

enumeration"". A search technique methodically searches the set of 

possible solutions in such a way that not all possiblities need be 

considered individually. 

4.1.3.1 Cutting Metho~. The cutting method starts with 

continuous solution space, ignoring the integer requirements, and is 

modified by adding constraints until its continuous optimum extreme 

peint satisfies the integer conditions. If x is an cptim~ solution 

of the LP without the integer constraints, a cutting plane is defined 

as a hyperplane that seperates x from the set of integer feasible 

solutions, with x on one side of it and the integer feasible solution 

of the problem on it or on the other side of it. The cutting plane 

method proceeds as follows: 

(i) Solve the current problem with simplex technique after 

relaxing the integer requirement. If the current problem is 

infeasible, the original integer program is also 

infeasible. If the optimum solution satisfies the integer 

requirement, it is the optimum solution to original integer 

program, therefore stop, otherwise go to next step. 
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(ii) Use a cut generation method and get a cutting plane. Add 

the cut to the constraints of the current problem and go to 

(i) above. 

CUtting algorithms are well described by Gomory(1958), Glover(1965), 

and Balas(1971). 

4.3.1.2 Branch and Bound Method. The branch and bound technique 

utilizes the fact that an integer linear program is a linear program 

further constrained by the integer restrictions. Therefore, in a 

maximization problem. the value of the objective function as the 

linear program optimum, will always be an upper bound en the optimal 

integer programming objective function. In other words, any integer 

feasible point is a lower bound on the optimal linear programming 

objective value. The idea of branch and bound is to utilize this fact 

to systematically subdivide the linear program problem until a 

feasible solution, if it exists, is obtained. The partitioning, or 

branching as it is called, is carried out so that at each partitioning 

the subclasses of the solutions are mutually exclusive and all 

inclusive, i.e., each feasible solution belongs to exactly one 

subclass (Kolesar, 1967). For each of the subclasses of the 

solutions, one computes an upper bound to the maximum value of the 

objective function attained by solutions of the subclass. On the 

basis of these upper bounds, a further stage of branching is carried 

out, new upper bounds are computed, and so on, until a feasible and 

optimal one is obtained (Bradey, Bax and Magnanti, 1977). 
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4.1.3.3 Implicit En~~£atioE_~~~hod. The solution of the 0-1 

problem possesses a finite number of possible feasible points. A 

straight forward method for solving such a problem is to exhaustively 

(or explicitly) enumerate all such points. The optimal solution is 

the set that yields the best value of the objective function. A 

drawback of this technique is that the number of the enumerations may 

become too large for the results to be determined in a reasonable 

amount of time. Ann-variable problem contains zn 0-1 combinations, 

therefore for large value of n, the exhaustion approach is 

prohibitive. Instead, only a portion of the possible solutions are 

implicitly (or partially) enumerated as suggested by Balas (1965). 

Balas' method is essentially a tree-search algorithm that uses 

information generated in the search to exclude portions of the tree 

for further considerations. In the original Balas' algorithm, an 

optimal solution, if such a solution exits is obtained by following 

some branches of the tree rather than searching the whole tree. Balas 

achieved this by determining at each iteration (a) a subset of the 

variables that can be assigned the value of one (1) and (b) the 

variable to be chosen among the subset of candidates. Using the above 

steps, Balas' method identifies the branch of the solution tree, which 

cannot lead to a feasible 'solution' better than the one already 

obtained. 

Balas' method does not consider "complete" binary combinations. 

Rather it starts with one (or more) variable(s) being fixed at either 

1 or 0. The algorithm then builds the solution by augumenting a new 
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variable at either 0 or 1. In the course of the augmentation, complete 

solution points can be discarded. Also the algorithm can perform 

redundant searching of previously examined points. This idea formed 

the basis of the Glover (1965) enumeration procedure. In Glover's 

method, some path along the solution is traced until either a new 

solution is obtained or a node is reached which yields information 

that all solutions in which that particuilar node is included may be 

ruled out for consideration. If this happens, the process backtracks 

to the unique node that immediately precedes the ruled out node, and 

takes a different path. The procedure terminates when the starting 

node is encountered. 

Geoffrion and Marsten (1972) provide a survey of integer 

programming algorithms. In this dissertation Glover's modification of 

the Balas' algorithm (Kuester and Mize, 1973) ~s used in solving a 

production scheduling model. This method does not need any linear 

programming solutions unlike the other methods. Where linear 

programming solution is required, the solution to original integer 

problem remains infeasible until optimal solution is reached. 

4.2 Coal Purchasing Strategy 

Linear programming (LP) techniques have been used in planning of 

coal projects in various parts of world (Williams and RaIley, 1959, 

wright, 1961, Porshnev, 1964, Stankevich et al., 1970). Their 

success, however, has been limited to transportation and blending 

problems. A typical LP blending problem which was modelled in this 
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dissertation, is to determine the choices in purchasing coals of 

different qualities in order to meet the specification of a mixture of 

coal at a minimum cost. This problem may arise when entering a long 

term contract with a coal supplier or purchasing high quality coal 

from spot market to blend subquality coal. 

In the formulation of such a purchasing problem, the quantities 

of coal to be purchased from the suppliers constitute the decision 

variables. !WO major constraints considered in the model are quality 

and quantity constraints. The coals from different suppliers will, in 

general, have different qualities, e.g., percentage of volatile 

matter, ash, sulfur, and moisture. The coal producers are also 

limited in their production capacities. The LP blending model solves 

for various quantities of coal that should be purchased to meet the 

specification of the end product at a minimum cost. 

4.2.1 COal Purchasing Model 

If the cost per ton of coal supplied by i th producer is Ci , the 

minimization of the objective function is expressed as below, 

Minimize (4.7) 

where Ti is tonnage of coal supplied by ith producer and NS is the 

maximum number of potential coal suppliers. The restrictions imposed 

on the objective function are described below. 
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The demand for coal, D, by the purchaser from suppliers must be 

met during the planning period. 

NS 

L T. > D 
1-

(4.8) 

i = I 

The normal time production of coal from ith supplier cannot 

exceed the designed production capacity, Pi' 

i = 1. 2, •••••• , NS (4.9) 

Assuming a complete mixture, the composite grades of purchased 

coals should meet the coal quality requirements. For the jth coal 

quality, e.g., sulfur, the maximum (or minimum) composi~e grade of the 

blended coal, Gj , should not be exceeded. 

NS 

LTiGij ~ GjD 
i= 1 

j 1, 2, ••••••••• , M (4.10) 

where M is the number of coal qualities which are of interest to the 

coal purchaser (or utility company) and Gij is the grade of jth 

quality of coal from ith producer. The above LP equations represent a 

typical coal blending model for a utility plant. 

4.2.2 Solution to Coal Purchasing Model 

Linear programming (LP) is a special case of mathematical 

programming in which the objective function and all the constraints 

are linear. In addition, the decision variables, the unknowu$ are 
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continuous between some lower and upper bounds The lower bound is 

greater than or equal to zero, i.e., the decision variables are not 

negative. In a general LP problem, there are (m+n) unknown decision 

variables and ~ independent equality equations (Ignizio, 1982). The 

system of equations therefore has more unknowns than the number of 

equations. Many different algorithms have been provided to solve such 

LP problems, but the one which has been proved to be most efficient is 

the simplex method developed by Dantzig. The simplex method is an 

iterative method that finds an optimal solution in a finite number of 

steps. Basica~ly thealg~rithm follows four sEeps (Wagner, 1969). 

(1) Select a set of m variables that yields a feasible starting 

trial solution. Set the remaining variables equal to zero. 

Eliminate the selected m variables from the objective 

function. 

(2) Check the objective function to see whether there is a 

variable that is equal to zero but would improve the 

objective function if made positive. If such a variable 

exists, go to next step, otherwise stop. 

(3) Determine how large the variable found in the previous step 

can be made until one of the m variables in the trial 

solution becomes zero. Eliminate the latter variable and 

let the next trial set contain the newly found variable 

instead. 

(4) Solve for these m variables, and set the remaining variables 

equal to zero in the next solution. Return to step (2) 

above. 



Several computer softwares of the simplex method are available 

for most computers. Typical examples include CDC's APEX-III, IBM's 

MPSX and UNIVAC's FMPS-LP (Thesen,1978). The implementation and 
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execution of practical LP programs with computers requires excessive 

computer storage. Most computer LP softwares use a revised form of 

the simplex method which requires less core storage than the full 

tableau form of simplex method (Zionts, 1974). Linked list data 

structure is sometimes used to store data. In order to reduce the 

round off problems, it is generally recommended that the ratio of the 

maximum to minimum values of the elements of the A-matrix be less 

than 1000. 

~3_Blending of Coal Prior to ~!-~aning_ 

Poor quality coal is physically cleaned to remove some of the 

unwanted ash and pyritic sulfur content. Coals feeding a coal 

cleaning plant (CCP) usually come from different sources. The cleaning 

plant performance will therefore vary depending on the quality of the 

feed. If the cleaning plant is fed concurrently by coals from 

different sources, e.g., stockpiles, there should be an optimum 

combination of such coals which can be cleaned. The optimal cleaning 

in this context addresses the objective to produce a cleaned coal 

which contains minimum sulfur per MMBtu. Two variables dictate pounds 

of cleaned coal sulfur per million Btu. The minimum pounds of sulfur 

per million Btu can be guaranteed only when the cleaned coal sulfur is 

minimum and the Btu content is maximum. Figure 4.1 is a nomograph 
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showing the sulfur dioxide emissions which will result from burning 

coals of various sulfur and Btu contents (Cavallaro et al., 1976). 

The cleaning processes while removing sulfur also reduce the total Btu 

recovery. The two objectives of minimizing the total sulfur content 

and maximizing the total Btu must be reconciled so as to arrive at a 

compromise solution. 

4 3.1 Bicriterion Coal Blending Model 

Let Ii represent the tonnage of coal cleaned from ith stockpile 

during a time interval, e.g., one hour. The objective function to 

maximize total Btu content of cleaned coal is give by equation (4.11). 

M 

Maximize L Hi Ti 

i= 1 

(4.11) 

where ~ is the Btu content of a ton of cleaned coal from ith source 

(stockpile), and M is the number of sources of coal feeding the plant 

at the same time. 

The objective function which minimizes the total sulfur content 

of clean coal is given by equation (4.12). 

M 

Minimize L Hi SBi Ti 

i= 1 

(4.12) 

where SBi is the predicted pound of sulfur per M}lBtu of cleaned coal 

from ith source (stockpile). 
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!he constants ~ and SBi in equations (4.11) and (4.12) can be 

computed from deterministic models Which describe the mode of 

operation of a coal cleaning plant. 

Other practical constraints must be met in operating a coal 

cieaning plant. First, the nominal plant capacity must be met. This 

constraint is given by equation (4.13). 

M 

Cmin ~ .L Ti ~ Cmax 
i=l 

(4.13) 

where Cmin and Cmax are, respectively, minimum and maximum capacities 

of the cleaning plant. a1so, coal should not be stockpiled and unused. 

for a long period of the time cue to a possible oxidation and 

spontaneous combustion. Therefore, 

i 1,2, •••••• , M (4.14) 

where Fmin . and Fmax. are the minimum and maximum feed, respectively, 
~ l. 

from the ith stockpiled coal. 

In order to decide on the optimuo stockpile combination which 

will yield minimum sulfur per MMBtu, there must be the capability to 

predict clean coal product at any desired raw ash and specific gravity 

level. The quality of cleaned coal product, depends on the coal 

properties, and both the type and mode of operation of the cleaning 

unit. The common approach usually taken is to develop empirical 

models ~hich can predi~t from a wide range of raw coal qualities. 

Three basic deterministic models presented below were reported by Kim, 

Knudsen and Baafi (1981). 
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For the ith stockpiled coal if the representative ash and sulfur 

sample values are ~(%) and 5i (%) respectively, then the calorific 

value (BTU per pound) of the raw coal, Bi , is given by equation 

(4.15). 

15769 - 175.1 ~ (4.15) 

The constants given in equation (4.15) may vary slightly from one 

coal deposit to the other. 

Pilot plant studies of coal cleaning plants owned by the Homer 

City Owners, Homer City, PA, also suggested that the following models 

hold: 

For the number 3 Coal Cleaning Plant at Homer City, 

87.72 + 34.34 In(2.84/~) (4.16) 

and 

.86 + .28ln[2.84/(~/5i)] (4.17) 

where R3 is the predicted percentage BTU recovery of the CCP, and 5B3 

is the predicted pounds of sulfur per MMBtu of cleaned coal. 

5imilary, for Coal Cleaning Plants NOs. 1 and 2 at Homer City, 

94.95 - R3 (4.18) 
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(4.19) 

where definitions of Rl - 2 , SBl _2 are the same as above with subscript 

(1-2) ref~rring to numbers 1 and 2 CCP. In practice, the constant 

terms in equations (4.11) through (4.19) above will be dictated by 

both the type and the performance of the coal cleaning ?lant. 

4.3.2 Solution to Bicriterion Blending Mod~l 

Real world problems involve nondeterministic systems of 

conflicting objectives. Therefore, any solution to most practical 

problems must reconcile all objectives in order to arrive at a 

practical solution. Problems of more than one objective are solvable 

via a branch of mathematical programming known as multi objective 

programming (Zeleny, 1973). 

In single objective problems, the goal of a solution technique is 

to identify the optimal feasible solution(s), if it exists. In 

multiobjective problems, a solution which maximizes one objective will 

not, in general, maximize any other objectives. Instead of a single 

optimal solution, a concept of noninferiority or nondominated solutio" 

is used in multiobjective problems. A feasible solution to a 

multiobjective programming problem is noninferior (nondominated) if 

there exits no other feasible solution that will yield an improvement 

in one objective without causing a degradation in at least one other 

objective. A noninferior set generally includes many alternative 

solutions, all of which cannot be selected. The noninferior solution 
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that is selected as the preferred alternative is called the best 

compromising solution. The following three steps are commonly used to 

solve a multiobjective problem: 

1. Determine the set(or subset) of nondominated solutions. 

2. Determine the preference structure of the problem. 

3. Choose a solution from among nondominated set using the 

preference structure. 

4.3.2.1 Techniqu~~fo~~nerating Nondominated Solutio~ 

1. Weighting Method. The weighting method consists of forming a 

linear combination of the objective functions to obtain a single 

objective function subjective to a set of constraints (Zaden. 1963). 

Mathematically. this can be written as: 

subject to X E X 

w > 0 

(4.20) 

This is a single objective optimization problem for which the solution 

method exists. This solution is also the best-compromise solution 

when the weights ~ express someone's preference. 

2. Constraint Method. The constraint method consists of 

optimizing one objective function while the others are constrained to 

a level acceptable to the decision maker. If the minimum allowable 

levels (e: 1 e: 2 •••• , E i -1 e: 1+1 ••• ,Ek) for the k-1 obj ecti ves 

(f1'f2' ••• ,fi-l.fi+l ••••• ,fk) are preferred solution, this problem is 

written as 
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Maximize fi (x) 

subject to x z X 

fj (x) 

(4.21) 

j=1,2, •• ,k, j,i 

The method is sometimes referred to as e-constraint (Goicoechea, 

Hansen and Duckstein, 1982). A systematic variation of e's will yield 

a set of nondominated solutions. 

3. Mult~objective Simplex Method. Where all the objective 

functions and constraints are linear, an exact set of nondominated 

extreme points can be generated by multiobjective simplex method 

(Cohon, 1978). A standard simplex tableau is used except that all 

rows corresponding to the objective function are replaced by a matrix, 

where each row of the matrix represents one objective function. Also, 

tIle reduced costs row in a single objective tableau is replaced by a 

matrix with each row represented by one objective function. In order 

for a variable to be brought into the basis, all the objective 

functions must be increased simultaneously. 

Hannan (1978) developed an algorithm using dual form of the 

multiobjective problem to generate nondominated set on the basis of 

multiobjective dual technique. The dual technique has an advantage of 

serving as an alternate solution technique to the primal problem if 

dual can be solved more easily. 

4. The Noninferior Set Estimation (NISE) Method. This method 

finds a number of noninferior extreme points by approximation (Cohon, 

1978). The accuracy of the approximation can be controlled through a 
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predetermined error criterion, which is compared to the maximum 

possible error at every iteration of the method. All objective 

functions must be linear and the feasible region must be a convex set 

for the method to be applied, i.e., the method is limited to linear 

programming problems. Cohon, Church, and Sheer (1979) have an 

algorithm for a two objective problem which can be modified for 

application to higher dimensional problems. 

4.3.2.2 Preference Structure Determination Methods. The 

preference determination methods help the decision maker to develop a 

preference structure. The first of these methods is multiattribute 

utility technique. A multiattribute utility function is a 

mathematical statement that indicates the utility of all combination 

of values for various objectives that are under consideration 

(Szidarovszky, 1980a). The method provides ordered alternatives, and 

therefore the alternatives can be compared with each other. Keeny and 

Raiffa (1976) provide a detailed review of the multiattribute utility 

theory. 

The utility function method is usually expressed as: 

Maximum U(.!) = U(fl'f2 ,·· •• ,fk ) (4.22) 

subject to gj (x) ~ 0 j=l,2, •••.••• ,m 

where U(f) is the utility function of the multipl~ objectives. The 

method requires that U(f) is known. The utility function U(!) can be 

of many forms based on assumptions that 
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f1 ft, f~, •••••• , and 

f 2 = f2 f2 f2 1 2······, k 

are the vector of ~, then f1 is preferred to f2 if 

(4.23) 

(4.24) 

where U is the utility function for objective function f1 and a i 

expres~es someone's preference, for i=1,2, •.•• ,k. The decision maker 

can also assign weights to each of the objective functions to indicate 

preference. The use of constant weights means that the marginal 

utility for each objective does not change with the level of the 

objective. 

The other preference methods used are Simplex-based method, 

scaling, and fuzzy sets (Zeleny, 1973). In the simplex-based method, 

the optimal set of weights is found which is associated with 

nondominated points obtained by simplex multiobjective method. The 

optimal set of weights are defined by the optimal solution to the 

linear programming problem. 

Maximize L Wkc~i 
k 

subject to x e: X 

and 1 



where wk = weight of the kth objective function 

c = matrix of objective coefficients 

xi = the ith nondominated extreme point 
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The scaling method relies on the fact that when a range of values 

that any given objective function can ~ake on is scaled, the decision 

maker is implicit by specifying his preference structure. 

In the fuzzy set method, the decision maker cannot state 

precisely the value of a given weight (DuBois and Prade, 1980). 

Instead a fuzzy statement like the weight of an objective should be 

lower than or greater than 0.4. Zeleny (1973) gives an algorithm of 

the fuzzy method which converges to a set of "optimal" weights. 

4.3.2.3 Solution Techniques. The solution techniques which are 

discussed below are used to select a compromising (satisficing) 

solution from the set of nondominated solutions. These techniques may 

be classified as either comparative methods or distance-based 

techniques. 

The ELECTRE method is a typical example of the comparative 

technique. The method is solely applied to discrete sets of 

alternatives and can incorporate qualitative data as well. The basi~ 

idea of the ELECTRE method is to choose those systems which are both 

preferred for most of the alternatives and do not cause unacceptable 

level of discontent for anyone alternative. lhe method consists of 

pairwise comparison of alternatives based on the degree to which 



evaluations of the alternatives and preference weights confirm or 

contradict the pai~~se dominance relationships and the degree to 

which weight evaluation differ from each other. COncepts of 

concordance and discordance are used to select the compromise 

alternative. 
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The other comparative methods discussed in the literature include 

Q-analysis and Surrogate Worth Trade-Off (Goicoechea et al •• 1982). 

The Surrogate Worth Trade-Off Method recognizes that given any current 

set of objective levels attained. it is much easier for the decision

maker to assess the relative value of the trade-off of marginal 

increases and decreases between the objectives than their absolute 

values. 

The distance based methods include Compromise programming. 

Cooperative game theory and multiattribute utility theory. The 

"ideal" solution to a multiobjective problem is the solution that 

optimizes each objective individually. The coordinates of the ideal 

solution in the objective space are the optima for each objective 

function. [Zl ,Z2 ••••••• Zp]. The best-compromise solution is the one 

which is closest to this ideal solution (See Figure 4.2). In Figure 

4.2, two objective functions (Zi' ZZ) are maximized. The objective 

functions and constraint equations are given below. 

Maximize Zl = 5x1 - 2x2 

Maximize Z2 = -xl + 4x2 
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Subject to 

where xl and x2 are decision variables. 

For two points X and Y of coordina~es (xl.x2 •••• '~) and 

(yl'y2' •••• 'yp). respectively, distance metric between the two points 

is given by equation (4.26) below. 

1/0. 

\ i>: 
( i= 1 

(4.26) 

* where Zi is MaxxZi(x), i = 1,2, ••• ,p. The definition of dis~ance 

corresponds to tne usual Euclidian notion when a = 2 and a = 1. 

In terms of the objective functions. which are equally weighted 

by the decision maker, and the ideal solution, the compromise solution 

must ndnimize the distance from the ideal point. This is 

mathematically expressed by equation (4.27). 

Minimize ~ (4.27) 
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* where Zl is again MBxxZi(x), i = 1,2, ••• ,p. The vector whose elements 

are all such maxima is called the ideal vector. If the objective 

functions Zi(x) are not expressed in the same units, then a scaling 

function is used to ensure the same range for every objective 

function: Equation (4.27) is, therefore, rewritten as: 

I \ l/a 

I p ( * f 
I 

Minimize It:t L _I~ ~_Zi_(~.1 (4.28) 
Mi mil 

i =1 I 

where Mi and mi are the maximal and minimal values of Zi(x), 

respectively. 

In compromise programming, weights on the objective functions may 

be used to represent trade-off between the objective functions. These 

weights are either assessed subjectively by the decision maker or 

derived from preference structure (Duckstein and Opricovic, 1980). If 

wi is the weight given to the ith objective function, equation (4.28) 

is rewritten as: 

Minimize It:t = (4.29) 

i= 1 
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For C1 = 1, all deviations from Zi are taken into account in 

direct proportion to their magnitudes. For 2 <a < ... , the largest 

deviation has the greatest influence. For a = ... , the largest 

deviation is the only one taken into account (minimax criterion). 

Goal programming (Ignizio. 1982) is analogous to compromise when a 1 

and an arbitrary goal point is chosen. If a = 1, standard linear 

programming code can be used sequentially to solve the compromis~ 

problem provided that all constraints and objective functions are 

linear. 

In the cooperative game theory, rather than minimizing the 

distance to the ideal point, the "best" solution is that which 

maximizes the distance from some minimum level (status quo). The 

distance measure used is the geometric distance defined as: 

p 

n 
i=l 

where the a i are again the criteria weights, f~ is the ith element of 

the status quo point, and fi(x) is defined as before. The appeal of 

this method is the existence of a unique solution (Szidarovszky, 

Bogardi and Duckstein, 1978). Also, all the objectives are treated as 

if they are working in cooperation to achieve a mutually satisfactory 

solution. 

Cohon (1978), Hwang and Masud (1979), Szidarovszky (1980b), and 

Goicoechea et ale (1982) provide surveys of multiobjective decision 
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techniques. Gershon (1981) discusses an algorithm for selecting 

mutiobjective solution technique to solve multiobjective decision 

problem. His algorithm divides a set of 27 model choice criteria into 

four main groups, and uses compromise programming method to select the 

appropriate technique for solution of the problem- In the solution of 

the bicriterion coal blending model, compromise programming method 

with a =1 was used because used both the objective functions and the 

constraints are linear. With a =1, a standard LP algorithm was used 

to determine the compromise solution. 



CHAPTER 5 

VALIDATION OF DEVELOPED MODELS 

The results obtained through the solution of any model are only 

as good as the model itself. In practice, attempts should be made to 

validate every model. However, an absolute measure of validity of a 

model does not exist. Because validity of a model is a subjective 

concept, we cannot speak of one model having a validity of eighty 

percent of another model. In this chapter, attempts would be made to 

"validate" the developed blending models. The basis of validation is 

presented under three procedures. These procedures are the 

evaluations of model structure, logic and response, and input data 

requirements. 

5.1 Model Structure 

Various assumptions were made during the development of the three 

blending models. How well the elements of systems modelled are 

represented by the respective model will depend on these assumptions. 

The impact of these assumptions on the results will indicate how well 

the models were structured. 

5.1.1 Operational Mine Planning Model 

Most mining methods, especially those applied to coal mining, are 

associated with mining dilution from both the roof and floor. In coal 
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mining, the diluted material is principally ash forming material. In 

the development of the operational mine planning model, the effect of 

mining dilution was ignored. The presence of sulfur balls in the 

diluted material will increase the sulfur content of the mineable --material, which should make the respective working section 

unattractive for ere. assignment. 

The operational mine model minimizes the total sulfur content of 

coal mined during a planning period. There is a possibility that an 

unproductive working area with high sulfur content would be 

p~eferentially mined. For example, if two working sections produce 

100 and 400 tons of coal per day, and the associated average sulfur 

grades are, respectively, 6 and 3 percent. The total sulfur obtained 

from the low and high productive sections are, respectively, 6 and 12 

tons. The model will automatically select the high average sulfur 

section because less total sulfur is mined from this section. 

In order to prevent such a situation, priority figures can be 

assigned to a working section depending on the expected sulfur grade. 

The objective function given in equation (4.2) is replaced by equation 

(5.1) below. 

N 

Minimize L: ~ Si TiP i 

i= I 

(5.1) 



Variables ~, Si' Ti and N are the same as defined before in Chapter 

Four. Because the total sulfur must be minimized, a higher priority 

value (Pi) is assigned to a section with a relativ~ly high expected 

sulfur percent in order to make this section unattractive for crew 

assignment, and vice versa. 
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The scheduling model defined by equations (4.2) through (4.6) may 

select only low sulfur areas. The effect of this is to deviate from 

the long term mine planning goal of the mine. From both the long term 

mine planning and ground control point of views, steps must be taken 

by the mining engineer to mine some bigh sulfur areas as well. There 

are many ways to handle this problem in the model. An approach used 

in this model is to indicate the minimum number of periods( or shifts) 

during which each mining section must be worked at least once. If 

after this minimum time the kth active section, Xk , has not been 

worked, an additional constraint is required to insure that crews are 

assigned to this section in the immediate production period. This 

additional constraint corresponds to equation (5.2) below. 

1 (5.2) 

Another way to handle the problem is to utilize equation (4.5). If a 

mining section is not worked during the first part of a planning 

period, that section is considered as a priority section during the 

rest of the planning period. This means the respective section is 

automatically worked during the rest of the planning period. 
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The model defined by equations (4.2) through (4.6) is a single 

stage optimization problem (i.e, optimization for a single period at a 

time). For mUltiple time periods, for example 30 shifts, the optimum 

sections are selected for each shift one at a time which may not 

produce a global optimum for the entire 30 shifts. In either short or 

medium term mine planning, one must aim at global optimum. The 

solution of a global optimum will normally be determined using a 

dynamic programming technique. This approach is suggested for future 

5.1.2 Coal Purchasing Model 

In the development of the coal purchasing strategy, coals from 

different sources are to be combined at a cheapest cost while meeting 

quality constraints imposed by the decision maker. If any of the 

constraints cannot be satisfied, the decision maker needs to know 

which constraint is violated and how best to revise the violated 

constraint or to recombine the available coals. The coal purchasing 

model does not have such a capability. It is suggested that when a 

constraint is violated, that constraint must be redefined as an 

objective function with the minimum (or maximum) quality desired 

serving as a goal point. The model should then minimize the deviation 

from this goal point while satisfying other constraints. Tne original 

single objective linear programming is then remodelled as multiple 

objective linear programming problem which is solvable using either 

goal programming or compromise programming methods. 
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5.1.3 Bicriterion Coal Blending Model 

In modelling of the bicriterion coal blending model, it was 

assumed that properties of coal do not change within a sampling 

interval. In practice, this may not be true, especially over a wide 

sampling interval. Therefore, a short sampling int~rval must be used. 

Since sampling and chemical analysis are costly tasks, one must adhere 

to inexpensive and convenient devices such as automatic coal 

analysis. Not only are such devices inexpensive, but also they give 

very rapid results. 

5.2 Model Logic and Response 

Computer programs were developed for the three models. The 

listings of the programs are provided in a proprietary report prepared 

for Homer City Owners, Homer City, Pennsylvania 15748 (Kim et al., 

1981). 

The scheduling program consists of the following subroutines~ 

CO}~FS: Main program which reads input data, controls the 
operational scheduling, and outputs the results. 

ZRONE: Solves 0-1 integ~r programming problem using 
reformulated, implicit enumeration algorithm developed 
by Balas. 

ZEROl: Checks if the 0-1 integer programming problem is to be 
minimized. If the problem is to be maximized, it 
complements the objective function coefficients since 
subroutine ZRONE is coded for minimization problem 
only. It also complements the coefficients of 
constraints specified as less than or equal to C<). 

INPUT: Reads 0-1 integer programming problem size parameters, 
iteration limit, and type of problem. It also reads in 
all the coefficients for the objective function, the 



;0 

constraint rows, type constraints, and right-hand sides 
for the constraints. 

ERROR: Terminates the run, if there is a programming error, 
after printing the appropriate error code. 

ROSCH Randomly schedules available crews during a shift to 
active working areas. 

RANDOM: Directs a variable value to different d~stribution 
functions for random sampling. 

The coal purchasing program consists of the following 

subroutines: 

EXCOAL: ~~in program which reads input data and calls other 
subroutines. 

LPGOGO: LP Simplex subroutine ~hich uses two-phase, full tableau 
form of simplex method. 

MATRIX: A matrix generator which assigns the elements of both 
the A-matrix and B-vector by calling the "appropriate 
subroutines. 

AMATRIX: Checks and assigns names of structural variables to the 
respective element of the A-matrix. 

AMAMT: 

ERROR: 

SUMRY: 

Augments the matrix of the LP constraint equation by 
adding either a slack or surplus variable. 

Terminates the run, if there is a programming error, 
after printing the appropriate error code. 

Summarizes the LP results. 

The bicriterion coal blending program consists of the following 

subroutines: 

srOCKP: Main program which reads input data and controls 
computation of the compromise solutions. 

DETRM: USes pre-determined linear models to generate 
deterministic values of coal cleaning plant products. 

GOAL: Obtains the compromise solutions. 



AGMT: Generates the matrix of constraints, coefficients, and 
right-hand side (RRS) vector. 
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OBJCT: Assigns the coefficients of the objective functions one 
at a time. 

ZX3LP: 

ZXOLP: 

ERROR: 

ERMSL: 

IMSL subroutine for solving an LP problem. 

IMSL subroutine for solving the two phases of an LP 
problem. 

Termina:es a run if there is an error after printing 
appropriate error code. 

Passes appropriate error code to routine "ERROR" if 
there is an error in any of IMSL subroutines, ZX3LP and 
ZXOLP. 

The model logic and programming behaviour were validated by first 

using the programs to compute answers to simple problems which could 

be checked with an aid of a pocket calculator. In all three cases, 

the hand calculations checked with computer program results. 

Figure 5.1 shows the comparative results of the operational mine 

planning model versus random crew assignment alternative using 

hypothetical data. Figure 5.1 shows that with exceptions of the 14th 

and 25th simulations, the predicted ROM sulfur peaks using mine 

scheduling model were all less than those obtained by random crew 

assignment. Row well the sulfur peaks can be controlled in practice 

will depend on the degree of accuracy of the predicted block grades 

(sulfur) and other practical constraints, such as equipment 

availability and productivity. Lonergan (Kim et al., 1982) used the 

operational mine scheduling model to develop an optimum first quarter 

plan for Helen coal mine in Pennsylvania. Lonergan first used 

existing mine drilled holes and channel sampling information to 



p 
E 
R 
c 
E 

" , 
S 
U 
L 
F 
U 
R 

4.0 ----, 

3.5 
~ 
I, 
I. 
I, , 

I , , 
• I , , 
" I 

" 
3.0 

.. , : 1\ , • • , 
I • , 
'~ I , 

I 
I , 
• 

1 \ 
2.5 

, 
~ I' 

, I I , . 
. .1 
•• • I 

I I 
I I , 

I' I I 
• • •• 

Random Scheduling 

, I 
I I . , : " ,'_! ~ . " , , I I .. ' • I , • , • I I 

I I 
I 

I • 

•• ;. 

.., . , 
I • 

.. ' 

Optimal Crew Assignment 
Using 0-1 Model 

, 
.1 

I I 
I I 

• I • 

" . I 

• 
I 

~ 
I' 
• I 

I • I 
I 
I 

2" 0 I Ill''''''' 
o 5 10 15 20 25 30 

Working Days 

Figure 5.1 Serial plots of Simulated ROH predicted sulfur. 

, 
I , 

" 

• I 
.1 
I' 
I I 
• I 
• I 
I I 

• • 
I I 
I 
I 
I 
I 
I 

35 

-...J 
1--> 



73 

develop a prediction model. The prediction model supplied the 

scheduling model with both quantity and quality information on coal 

within the confines of any mine layout. The scheduling model then 

used this information and planned the mining on each of eleven working 

areas over a quarter, with the objective of minimizing total sulfur. 

Table 5.1 shows a summary of his three month planning results by 

section for Helen mine. 

Lonergan (Kim et al., 1982) then used the results shown in Table 

5.1 to develop a first quarter coal purchasing strategy for Penelec 

utility company. He used thr~e external coal suppliers, which were 

(1) Hawk Contracting, (2) Low Sulfur Spot }~rket, and (3) High Sulfur 

Spot Market. Assignment of coal quality specifications and cost per 

ton figures for each of these suppliers was based on sample coal 

specifications provided by Pene1ec management and on historical 

records of coal received from these suppliers during the period of 

January, 1982 through April, 1982. The actual production and quality 

figures for January through March, 1982 were also for Helvetia coal 

mine, which is a captive mine of Penelec. Table 5.2 summarizes the 

unit costs and values used for the first quarter coal purchasing 

strategy. The monthly power plant requirements Lonergan used were 

365,000 tons of coal with a minimum of 11,300 Btu per pound and 

-maximum ash and sulfur of 17.0 percent and 1.6 percent, respectively. 

The amounts of external coal to be purchased for the first 

quarter of 1982 are summarized in Table 5.3. The cost figures shown 

each month do not include the cost of Helen coal since Helen coal is 
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Table 5.1 First Quarter Planning Results by Section 
(Kim et al., 1982) 

Section Month Tonnage Thick. Ash Sulfur --- --_. 
2 North Jan 5,588 47.64 17.26 1.46 

Feb 5,588 49.20 18.02 1.51 
Mar 5,588 50.62 18.89 1.55 

8 Right/ Jan 7,263 54.45 19 96 3.05 
·3 East Feb 9,684 55.18 21.55 3.18 

Mar 7,263 55.22 21.81 3.34 

8 Right/ Jan 9,524 52.85 18.76 3.22 
10 East Feb 7 143 53.27 18.94 3.11 

Mar 7,143 54.17 20.35 3.24 

13 South/ Jan 3,626 53.27 19.84 3.41 
3 Left Feb 3.626 53.45 19.52 3.39 

l-1ar 1.813 53.32 19.39 3.40 

A Butt Jan 7,815 46.45 15.90 1.87 
Feb 7,815 46.45 15.70 1.79 
Mar 10,420 47.66 15.83 1.79 

2 WestRt Jan 6,426 47.80 14.79 1.14 
Feb 6,426 47.82 15.33 1.80 
Mar 8,568 48.32 15.97 1.88 

2 WestLt Jan 6,663 49.29 13.99 1.69 
Feb 6,663 48.91 13.98 1.71 
Mar 8,884 47.96 14.96 1.75 

MRunLt/ Jan 6,327 52.91 19.28 2.02 
C Butt Feb 8,436 52.77 19.85 2.08 

Mar 4,218 52.91 21.83 2.32 

MRunRt/ Jan 7,456 . 51.62 19.80 2.02 
M Run Feb 5,592 51.88 20.19 2.12 

Mar 5,592 51.94 20.44 2.20 .... 
B Butt Jan 6,441 50.40 17.14 2.18 

Feb 6,441 48.84 16.17 2.04 
Mar 8,588 47.45 16.16 1.96 

8 Right SW Jan 21,064 55.25 20.13 3.33 
Feb 21,064 54.57 18.57 3.32 
Mar 21,064 54.04 18.00 3.13 
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Table 5.2 Goal Values and Costs Expected for the 
First Quarter, 1982 (Kim et al., 1982) 

Mine/ Tons (x 1000) Ash Sulfur 
Month Supy.!.~er Available Bt.1.!.~!> ~ (%)- §jTo~ -_._-

Jan Helen 88.2 11,312 20.53 2.31 44 
. Helvetia 202.0 11 ,500 20.10 1.83 27 
Hawk 300.0 12,000 12.50 1.88 36 
U>W Spot 300.0 11 ,600 12.60 0.95 40 
High Spot 300.0 11 700 14.40 1.61 37 

Feb Helen 88.5 11 ,327 20.43 2.31 40 
Helvetia 209.0 11 ,300 21.10 1.92 28 
Hawk 300.0 11 ,600 12.50 1.88 36 
Low Spot 300.C 11 ,600 12.60 0.95 40 
High Spot 300.0 11,700 14.40 1.61 37 

Mar Helen 89.1 11 ,356 20.22 2.21 40 
Helvetia 238.0 11 ,300 21.30 1.98 29 
Hawk 300.0 12,000 12.50 1.88 36 
U>W Spot 300.0 11 ,600 12.60 0.95 40 
High Spot 300.0 11,700 14.40 1.61 37 

,,.. . 
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Table 5.3 External Coal Purchases for the First 
Quarter, 1982 (Kim et al, 1982) 

Mine/ Tons Sulfur Btu/Lb Ash 
Month Supplier (x1000) PeL'cent (xl000) Percent - ----

Jan Helvetia 120.9 1.8 ll.5 20.1 
Hawk 3.9 1.9 12.0 12.5 
Low Spot 152.0 1.0 11.6 12.6 
Helen 88.2 2.3 U.3 20.5 

----
Composite 365.0 1.6 u.s 17.0 

Total Cost: $ 9,484,703.90 (excluding Helen) 

Feb Helvetia 107.5 1.9 11.3 21.1 
Hawk 5.7 1.9 12.0 12.5 
Low Spot 163-3 1.0 11-6 12.6 
Helen 88.5 2.3 11.3 20.4 

---
Composite 365.0 1.~ 11.5 17.0 

---
Total Cost: $ 9,747,852.90 (excluding Helen) 

Mar Helvetia 106.6 2.0 11.3 21.3 
Hawk 8.4 1.9 12.0 12.5 
Low Spot 89.1 2.2 1l.4 20.2 

Composite 365.0 1.6 11.5 17.0 

Total Cost: $ 9.827,938.60 (excluding Helen) 
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used regardless of its cost. They do, however, include the cost of 

Helvetia coal. 

The first quarter results show that in order to satisfy the 

stated sulfur quality constraint on the power plant feed, a la~ge 

amount of low sulfur spot market coal must be purchased each month 

even though this coal is the most expensive. Also, note that the 

quality and cost of high sulfur spot market coal were such that no 

purchases of it were made. COal from Helen was used in its entirety, 

and coal from Helvetia was used as much as possible, as expected. The 

balance of the power plant feed was provided by Hawk COntracting. 

Table 5.4 also shows the results obtained from the bicriterion 

coal blending model for a numb~r 3 coal cleaning plant at Homer City, 

Pennsylvania. Hypothetical raw coal ash and sulfur qualities of five 

stockpiles which were "cleaned" simultaneously are shown below. 

Ash (%) 
Sulfur (%) 

1 

22.3 
1.0 

2 

25.0 
1.2 

3 

12.0 
5.0 

4 

18.0 
3.2 

5 

21.8 
3.5 

Additional restrictions imposed in this example are listed below. 

(i) Minimum of! five tons to be cleaned from each coal stockpile. 

(ii) No more than eleven tons of coal must be supplied from each 
coal source (stockpile). 

(iii) The coal cleaning plant rating is 40-50 tons of coal per 
hour. 

(iv) 80 percent weight is assigned to minimization of sulfur 
while 20 percent weight is assigned to maximization of Btu 
content of clean coal. 



Ash (%) 

Sulfur 

Table 5.4 Results of Hypothetical Coal Cleaning 
from Five Stockpiles 

Stock2!1e 

1 2 3 4 

22.3 25.0 12.0 18.0 

(%) 1.0 1.2 5.0 3.2 
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5 

21.8 

3.5 

Btu/Lb (raw) 11 ,864. 11,392. 13,668. 12,617. 11 ,952. 

Btu Recovery 17. 13. 38. 24. 18. 

Lb SuH /MMBtu .28 .30 .91 .67 .66 

Raw Coal (tons) 11. 11. 5. 8. 11. 

Composite Quality/Quality of Coal 
Cleaned During Simulation .......... 9.28 Tons of Clean Coal 

12,245.49 Btu/Lb (Clean Coal) 

.59 Lb Sulf /MMBtu (Clean 
Coal) 
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5.3 Input Data Re9uir~ent~ 

All three blending models require some prior knowledge of coal 

quality of various volumes (supports) of coal. In the operational 

mine planning model, grades of future mining blocks must be estimated 

from sampling information using either geostatistical or conventional 

estimators. The appropriate estimation procedure will depend on the 

nature of mineralization, number of available sampling information and 

the size of mining blocks. The procedures for developing an optimum 

sampling program to be estimated, which in turn could be us~a to 

estimate the quality of future mining blocks, are given in the 

Appendix. 

The coal purchasing model additionally requires the cost per ton 

of coal, including transportation cost, from each coal supplier. In 

practice the LP parameters of the coal purchasing model will be 

estimated and it is important to know how sensitive the optimal coal 

combination is to small changes in such parameters. Most LP computer 

codes have provisions for conducting such sensitivity analysis. 



CHAPTER SIX 

SUMMARY AND CONCLUSIONS 

6 .1 Summary_ 

In order to develop any realistic emission control strategy, the 

utility company must control coal quality between the mine and the 

power plant. Blending techniques have been used in the coal industry 

to smooth the properties of coal. Three blending models were 

developed in this dissertation to provide coal of high thermal content 

and low pollutants. Between coal production and consu~ption phases, 

material handling is inevitable at the producing mine site, coal 

preparation plant, and the user's site. These three locations were 

therefore considered as the obvious places to integrate coal blending 

functions without a significant increase in material handling cost. 

The problem of controlling coal quality between the mine and power 

plant was r~duced to three stages. 

In practice, most productive sections of a mine, e.g., shortwall 

and longwall working areas produce large volume of coal when they are 

in operation. The effect of these sections on overall ROM coal 

quality is often pronounced. When such workings produce high 

percentage of sulfur, the overall mine production tends to have high 

sulfur grade. The control of coal quality with operational mine 

planning was considered as the first step in any coal quality control 
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strategy. The option of blending coal from different working sections 

was modelled. With the aid of an operational mine planning, coal is 

blended at the coal producing mines such that the "best" quality of 

coal is mined during a planning period, while meeting the management 

production objectives. The model developed uses 0-1 programming 

formulation to select potential working areas of a mine on the basis 

of predicted grade values. 

From the coal user's point of view, each coal producer must 

attempt to produce an optimum product in order to meet the contracting 

terms. Because coals from different sources will have different 

properties, such coals must be mixed before they are used. TIle 

computation of the quantities of coal to be used in blending coals 

from various suppliers to meet end product becomes tedious and time 

consuming as the number of suppiiers increases. There are usually 

many possible combinations of coals which can be blended to the 

desired specifications. The best among these "feasible" combinations 

is the set which is at the least cost. The second stage of coal 

quality control is to combine economically coals produced by different 

suppliers to meet the specification of the power plant. The second 

model uses a linear programming formulation to develop coal purchasing 

strategy. 

If the mixed coals from various sources neither meet the utility 

plant requirement nor the EPA emission specifications, the coal is 

physically cleaned. The performance of a cleaning plant will vary 

depending on the quality of mixed feed to the cleaning plant. There 
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must be a combination of such coals of different properties from these 

sources. which must produce an optimum product at any instant. The 

final stage of coal quality control strategy is to clean optimally 

coals from various sources to meet the end product. A biobjective 

programming technique was used to determine the tonnages of coal which 

must be cleaned from various sources (e.g. stockpiles) in order to 

result in cleaned coal of high thermal content and low sulfur content. 

Both the operational mine planning model and coal purchasing 

model were tested using actual mine data. 

6.2 Conclusions ----
This study has demonstrated the capability of controlling coal 

quality by blending techniques. This can be translated into dollar 

savings to both the coal producer and the coal consumer. 

The RO!-l coal quality could be significantly improved by selective 

mining on the basis of predicted block grades. Selective mining is 

accomplished with the aid of an operational mine scheduling model to 

blend coal at production faces while satisfying management 

objectives. How well the ROl-l coal quality can be controlled will 

depend on the degree of accuracy of the predicted block grades. At 

the mine production phase, random assignment of workers to mining 

faces can affect the ROM: coal quality. Random asSignment is more 

representative at most mines because there is usually no control of 

operational scheduling. 
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A standard linear programming model was found adequate for 

solving the external coal purchasing problem. At the coal contracting 

phase, a utility company can use such a blending model to determine 

the quantity of coal from each supplier so that the composite 

characteristic would meet coal burning plant design at a minimum 

cost. Similar problem may arise When an utility company purchases 

high quality coal from the spot market to blend sub-quality coal. 

A biobjective programming technique may be used to determine the 

optimum combination of coals to be cleaned to produce minimum sulfur 

per }n1Btu on timely basis. At the coal beneficiation phase, it is 

possible to reduce the amount of sulfur per MMBtu of clean coal with 

such a technique if the total sulfur can be reduced, While maximizing 

the total Btu content of clean coal. 

6.3 Suggestions for Future Research 

The areas of future study are identified below. 

1. Sampling and chemical analysis of samples are expensive 

tasks. All three blending models require some sort of 

predicted information, obtainable from sampling, as input 

data. For an operating mine to implement the three models 

developed in this dissertation, there should first be cost 

benefit study to justify the need for obtaining the 

necessary input data to the three models. The cost of 

providing inpct data must be compared with the penalty for 

not meeting the emission standards. 



2. The model used to define the mode of operation of a coal 

cleaning plant ignores the effect of particle size and 

density of the separating medium. The mode of operation of 

a cleaning plant will also depend on the properties of 

coal. Because diff~r~nt cleaning plants perform 

differently, such a model will be plant specific. A more 

meaningful model may be developed for a specific cleaning 

plant prior to the implementation of the bicriterion coal 

blending model. The potential approach is to use 

statistical techniques such as factor analysis or analysis 

of variance to identify the key variables which influence 

coal cleanability. Once these pertinent variables are 

identified, prediction techniques such ~s multiple 

regression, linear kriging an cokriging can be used to 

predict clean coal quality from raw coal qualities for a 

given coal washing plant. 
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3. The mine scheduling model optimizes a single stage at a 

time. For multiple time periods, the optimum working 

sections are therefore selected one at a time which may not 

produce a global optimum. In either short or medium term 

mine planning, one must aim at a global optimum. The 

solution of a global optimum will normally be detemrined 

using a dynamic programming technique. This approach is 

suggested fer future research. 
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4. Figure 6.1 shows a schematic diagram of material (or coal) 

flow from mines to power plant. The three models developed 

in this dissertation ignore the role of stockpile (coal 

inventory) in the overall emission control. The three 

blending models may be extended to develop a total system 

model for a utility plant. The total system model must 

integrate the ROM coal from captive mines with the 

externally supplied coals, as well as the cleaning plant 

performance and coal stockiples. Such a system must 

effectively handle all possible permutations of material 

flow. The system must also include various operational 

constraints. For example, the coal industry does not allow 

stockpiled coal to exceed a 45-day tonnage requirement of a 

utility plant. Therefore, how should the stockpiles be 

operated bearing in mind that some of the external coal 

suppliers may not meet the contract terms wi~h respect to 

both coal quality and quantity requirements? The total 

system must be developed in terms of management's prime 

objective to produce cheaper electricity, while complying 

with the EPA emission requirements. In the past, 

multiobjective decision models have been used in water 

resources to analyze such problems which may involve various 

conflicting goals. Such models could equally well be used 

to solve the above problem. 
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Figure 6.1 A schematic diagram of material (or coal) flow 
from mines to power plant. 
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APPENDIX 

DEVELOPMENT OF SAMPLING INFORMATION 

FOR 

OPERATIONAL MINE SCHEDULIN:; HODEL 

This appendix demonstrates the procedures for developing an 

"optimu:n" sampling program, which in turn couLi be used to estimate 

the quali~y of future ndning blocks. The quality information is 

required as input data to the operational mine scheduling model. 

Geostatistical techniques wer~ used in the development of 

sampling patterns. The basic geostatistical tools used were the 

variogram, estimation variance and con.ditional simulation. Journel 

and Huijbregts (1978) provide references to these topics as well as 

the general theory and application of geostatistics. 

The variogram provides numerical measure of continuity of mineral 

values within a deposit. Once an experimental variogram model has 

been constructed for a deposit, the estimation of block grades can be 

performed. 

The estimation variance is the variance of the error between the 

true and the estimated grades. Its value depends on the nature of 

mineralization as captured in the variogram model, size of block to be 

estimated, and spacing, configuration and number of samples used for 

the estimation process. 
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In conditional simulation, a model of a deposit is built in such 

a way that this model possesses the same variogram function l mean, 

variance, and grade distribution as the real deposit. The model can 

also be conditioned to go through all known data points. 

The "optimum" sampling scheme is developed using a conditionally 

simulated coal mine. With a simulated mine model, various sampling 

schemes can be evaluated inexpensively instead of testing the schemes 

on an active mine. 

Sampling Object~~ 

Every sampling program has some purpose(s). For example, in the 

open-pit mines, blast-hole samples are used to determine whether 

blocks are ore or waste. The main objective of the sampling patterns 

being developed is to be able to predict the qualities of coal to be 

produced in the near or short term. The sampling strategy is 

developed using a conditionally simulated coal mine model. The coal 

characteristic simulated in the mine model is sulfur content, because 

this is the most significant variable affecting S02 emissions. 

Samples are assumed to be in the form of channel samples tc:.ken during 

the mine development. 

The following are the basic steps taken in developing the 

"optimum" channel sampling patterns for a coal mine production 

section: 

(1) Construction of conditionally simulated coal mine model 

(CSIM). 



(2) Design of workable channel sampling pattern for a mining 

section and CSIM grade assign-ment to the channel samples. 
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(3) Computation of estimation errors and block grade estima~ion 

by geostatistical methods. The block selected for this study 

is rectangular in shape having 600' x 180' dimenSions, and it 

corresponds to an average monthly production from a short.all 

section of a typical coal mine. 

(4) Cuwparison of block estiwate::s with CSli-l block grades. 

(5) Repeat steps (2) through (4) above until a "good·· workable 

sampling grid is obtained. 

In this study, a sampling pattern is considered reasonable if the 

magnitude of the associated local estimates has a specified error 

variance. 

Simulated Coal Deposit 

A simulated coal deposit was constructed using the turning bands 

method (Journel, 1974; Knudsen, 1981). The simulated model consisted 

of 90,000 simulated values on a 40' by 40' grid. The simulated sulfur 

variable is spatially described by a spherical variogram model whose 

parameters are given in Table A.l. There wer~ altogether 136 sulfur 

data values whose mean is 2.63% and sample standard deviation of 

1.22%. The lowest and highest sample values are 0.85% and 6.77% 

respectively. In order to reproduce accurately the distribution of 

sulfur in the CSIM model, a transformation of the sulfur data to a 

normal distribution was made using Hermite polynomials (Kim, Myers and 
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Knudsen. 1977). The computed variogram model of transformed sulfur 

data is also given in Table A.I. The simulated coal model was 

conditioned using existing 136 diamond drilled holes within the study 

area. 

Table A.l Summary of Theoretical Spherical Variogram 
Model Parameters of Mine Sulfur Variable 

Data Type 

Raw Data 

Normalized 

Sill 
Co + C 

2 1.45% 

Nugget 
Co 

Sill-rbgget 
C 

Development' of Channel SCl.i:l.pling_ Pattern~ 

Range 
a 

8500 ft 

8000 ft 

For any particular block size, we are interested in knowing the 

number of channel samples that can be used to estimate the sulfur 

value of the block with a specified level of accuracy. Rather than 

developing various sampling patterns for different block sizes and 

shapes, it was decided to develop the necessary procedure for one 

block size. The block selected is rectangular in shape having 600' x 

180' dimensions, Which corresponds to the average monthly production 

from a shortwall mining area. In practice, the size of the block will 

depend on the mining method and for what purpose block estimates are 

used. 

The first step in determining the minimum number of samples for 

predicting sulfur value for a 600' x 180' block size is to compare 

estimation variance for different sampling grids (or patterns). 



Figure A.l shows a typical sampli~g pattern which can be used to 

predict sulfur grade values of the shaded blocks. 
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Figure A.2 summarizes the results obtained from eight (8) 

different sampling grids for estimating the average sulfur grade of 

600' x 180' block. These results are also tabulated in Table A.2. 

Both Figure A.2 and Table A.2 show that there is no significant 

reduction in the estimation variance if more than fourteen samples are 

used. It, therefore, appears that the "optimum" sampling pattern is 

about 100' x 180' for estimating the average sulfur grade of a block 

having 600' x 180' dimensions. 

The CSIM model was next used to validate this result. For each 

sampling pattern, the CSIM sulfur grade values were assigned to the 

sample points along a 3000' shortwall panel length, i.e. five (5) 

blocks each of 600' x 180' dimensions. The simulated sulfur grade 

values were next used to estimate each of the five monthly blocks by 

kriging. The CSIM sulfur grade values of each of the five ~onthly 

blocks were next obtained. The arithmetic mean of the simulated point 

grades lying within each block was assigned to the respective block. 

Figures A.3 and A.4 summarize the results obtained for the monthly 

estimates of sulfur from the shortwall working area. Cases 1 through 

4 did not show any noticeable variation in the predicted sulfur 

grades. Starting with Case 5, the predicted monthly sufur grade 

values started to show some variation. The predictions made in Case 5 

and Case 6 are alike and fairly reproduced the variation when the five 

blocks were actually mined on CSIM. However, Case 5 underestimated 
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Shortwall Mining Area (600' x 180' ) • 
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Table A.2 Summary of Estimation Variance Results for 

Grid Spacing 
(feet) 

600 x 180 

300 x 180 

200 x 180 

150 x 180 

100 x 180 

70 x 180 

60 x 180 

50 x 180 

600' x 180' Block 

Sample No. Estimation 
Per Block Variance 

4 0.090414 

6 0.055075 

8 0.040266 

10 0.031876 

14 0.022613 

18 0.017603 

22 0.014427 

26 0.012255 

Incremental % 
Reduction on 

C1~ of Base * 

39.1 

16.4 

9.2 

10.3 

5.5 

3.5 

2.4 

Column (4) 
Per Addi

tional 
Hole 

19.6 

8.2 

4.6 

2.6 

1.4 

0.9 

0.6 

*Grid spacing of 600' x 180' is taken as the base for convenience. 
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Case 1 
3000' x 180' Grid . -·-·-·-·-··-·-·-·-·-·~---· -·-·-·-~·-·-·-·-·-

Case 2 
1500 ' x 180 ' Grid 3 · - · -·-·-·-·---·-·-·-·-·--·-·-·-·-·--·-·-·- --·- · 

Case 3 
600' x 180' Grid 

..................... _ _____________________ .... ---------·-

, '·-·-·-·-·-·-·-·-·-·--·-·-·-·-·-···--·-·-·-·J 
Case 4 

300 ' X 180 ' Grid 

Figure A. 3 Monthly sulfur estimates for Cases 1- 4. 
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Figure A. 4 Monthly sulfur estimates for Cases 5 - 7, 
and actual CSIM values. 
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the monthly sulfur grade values more than in Case 6. These results 

have demonstrated the need for channel sampling for predicting the 

variations of the monthly blocks (see Case 1 and actual CSIM 

values) • It can be seen in Case 6 and Case 7 that there is not much 

improvement in the monthly estimates from those obtained in Case 6. 

The "optimum" sampling grid appears to be above 100' x 180'. 

In practice, a shortwall mining section will consist of s~ries of 

panels which are wined one after the other. There is no reason why 

samples from mined-out panels cannot be used to predict blocks which 

constitute the unmined panels. How well these samples from mined-out 

areas can estimate unmined blocks will depend on the spacing and 

orienation of the samples as well as the nature of mineralization. 

Using the procedures outlined above, the specific effect of taking 

samples irom adjacent mining panels was evaluated. 1 It was found that 

the optimum sampling grid panel for ~ shortwall is as depicted in 

Figure A.5. It was found that samples which are not taken from the 

adjacent panel don't contribute very much to the monthly block 

estimation (see the pattern shown in Figure A.5). Here again, it as 

assumed that our objective was to predict sulfur grade values of 600' 

X 180' blocks. A similar pattern for a room and pillar mining area is 

shown in Figure A.6. 

1The "optimum sampling grid as shown in Figure A.l is a more 
general case in which no restriction was placed as to the location of 
samples. The results of this analysis were also needed to determine 
the approximate configurations for taking samples from adjacent mining 
panels. 
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Figure A.S Shortwall panel channel sample. pattern. 
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It must be remarked that in order to predict any bloCk size 

different from 600' x 180', sampling grids different from those shown 

in Figures A.5 and A.6 may have to be used. However, in order to 

predict monthly sulfur quantity from both shortwall and room and 

pillar working sections, sampling grids shown in Figure A.5 and A.6 

may be used. It is assumed that the spatial variability of the sulfur 

variable is described by a variogram model given in Table A.l. The 

predicted block information is required as input data to the 

operational mine scheduling model. 
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