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Abstract

Coal is an important energy resource, especially for countries that have few
other energy resources. While the use of fossil fuels is linked to several en-
vironmental challenges, these problems can be mitigated. Coal reserves are
distributed in space. A better understanding of their spatial distribution
would improve exploitation plans and help to better assess financial risks.
This research attempts to supplement and improve existing methods of re-
serves estimation for coal and provide easy-to-use tools to assist in mine
planning. The methods proposed herein could also be used for different ore
deposits.

We introduce the spatial profitablity index (SPI) that evaluates the prof-
itability of mining each individual seam. As prices and mining costs change
during the lifetime of a mine, the profitabilty of different mine sectors or
lignite seams may change from profitable to unprofitable or vice versa. The
SPI is a flexible tool that can easily and quickly investigate different eco-
nomic scenarios. The SPI can be used to re-evaluate the pit limits and mine
reserves with the current prices and mining costs or near-future estimates.

The SPI is applied in the multiseam lignite mine of Mavropigi, Northern
Greece, to evaluate the different lignite seams based on data from 341 drill
holes provided by the Public Power Corporation (PPC). The differences in
the reserves estimation between the SPI-corrected data and the original data
are investigated with regression kriging. The uncertainty of the prediction is

investigated based on 5000 conditional simulations.

Based on the SPI, different economic scenarios are investigated that cover
a large range of revenue and cost changes. The estimated reserves and rev-
enue difference based for these scenarios are approximated by an empirical

function. This function or the resulting graph can give a quick and accurate
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approximation of the expected difference in reserves for specific mine sec-
tors or the entire mine. The uncertainty of the prediction is assessed with

conditional simulations.

In mining, reserves estimation is usually performed using the family of
kriging methods. While these methods are the best linear estimators for
Gaussian data, they require the computationally intensive inversion of a
large covariance matrix. To reduce the computational load, a user-defined
neighborhood radius is usually introduced. In this thesis, we investigate the
recently proposed method of the stochastic local interaction model (SLI) as
a possible alternative. This method avoids the inversion of the covariance
matrix. The bandwidth parameter required by the method is self-consistenly
defined by the geometry of the data-set without any input from the user.

SLI models are used with three different data-sets and compared with
kriging methods. The first data used for SLI estimation are the SPI-corrected
data from Mavropigi mine. The second data-set is from Campbell county,
in the state of Wyoming, USA to assess the distribution of the coal re-
serves there. The coal reserves of Campbell country constitute an important
economic and energy resource for the area. The third and final data set in-
vestigated by SLI and kriging, is a non-Gaussian dataset from a gray scale
photograph of Pluto. While this dataset does not involve coal deposits, it
is employed in this thesis to showcase the performance of SLI methods com-
pared to kriging methods in non-gaussian datasets.

In all three datasets SLI performs faster than the kriging methods and
performs as accurately or in the case of non-Gaussian datasets more accu-
rately than kriging methods.



NepiAnyn

O youavBpakag amoteAel ONUAVTIKO EVEPYELAKO TOPO, LSLaltepa yla TLG
XWPEG Tou €xouv Alyeg SLadOopeTIKEG TINYEG evépyelag. Mapolo mou n
XPAON TWV OPUKTWV KAUGCLUWV ouvOEeTal e TIOAAEG TEPLBAAAOVILKEG
TPOKAAOELG, Ta TIPOBAAUATA QUTA UMOPOUV va UETPLACTOUV. H Tlun Tou
yalavOpaka €XeL ONUAVTLKEG SLAKUUAVOELG KATA TNV Ttdpodo Tou xpovou.
Mo mopddelypa, n TUA TOU yaldvBpoKa TOU XPNOLUOTIOLEITAL yla
mapaywyrn NAEKTPLKAG €eVéEPyelag, UTIOSUTAQCLAOTNKE QVAPECA OTOV
lavoudpto tou 2011 kat tov lavoudpto tou 2016.

Ta koltdopata TOU yoldvOpako Katavépovtal otov Xwpo. KaAutepn
KaTavonon Tng XWPLKAG TOUG KATAVOMAG OVAUEVETOL Vo BeATLWOEL T
oxébla aflomoinong Toug Kal va OSwoel pla KOAUTEPN ELKOVA TOU
OLKOVOULKOU pilokou. H €peuva auth eMIXEPEL v CUUMANPWOEL KAl va
BeAtwwoel TIG utapyouoeg PeBdSouG ekTiHNONG amoBepdTwy yoldvopaka.
ErutAéov, emuxelpet va mapéxel eukoAoxpnota epyaleia ou BonBouv otov
oXeblaopO  eKUETAAAELONC  yalavOpoKka, €8LKA O  TEPUTTWOELS
TIOAUCTPWHATIKWY  Koltaopdatwyv. Ot péBodol mou ewodyovral otnv
mapovoa €psuva Ba pmopoloav va xpnotpomnotnBouv Kat yla KoLTaopata
SL0POPETIKWY LETAAAEU LATWV.

Y€ QUTH TNV LEAETN ELCAYOULE TO XWPOTAELKO SEIKTN EKUETAAANEVGLUOTNTOG
(SPI) mou oafoloyel TNV ekpetaAAevolpotnta tng e€opuénc kabe
OTPWHOTOC OE TTOAUCTPWHATLKA Koltaopata. Kabwg ol TIUEG Kol TO KOOTOG
NG ekpeTdAAevong aldalouv katd tnv Stdpkela {wng Tou opuxelou, n
EKMETAAAEVOLUOTNTA TOU KABE TOUED 1) OTPWHATOG UTtopel va petaBAnBel
amnod enmkepdNG o€ Un eKUETOAAEVUOLUN 1 To avtiBeto. O Seiktng SPI elval
€va eVEALIKTO epyaleio mou pmopel ypriyopa kat eUKoAa va SlepeuvhoEL
SLopopETIKA OLKOVOULKA ogvdpla. Me autd tov Tpoémo, o SPI umopel va
BonBnoeL otnv enavefétaon Twv oplwv TNG EKUETAAAELONG Kol Ta
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amoBEépata TOU OPUXEIOU HE TIG TPEXOUOEG TIUEC N TIG TIPOPBAETIOUEVEG
TIMEG OTO €yyUC LEAAOV.

O &eiktng SPI epapuoleTal 0TO MOAUCTPWHATLKO OPUXELO TNC Maupomnyng
otnv Mokebovia ywa tnv oaflohoynon otpwpdtwv Awyvitn amod 341
VEWTPNOELG TNG Anuootag Emyxeipnong HAektplopol (AEH). Ot Sdwadopég
OTNV EKTIUNON EVEPYELOKWY QMOBEUATWY HETOED Twv SlopBwpévwvy amo
Tov SPI &gdopévwy Kal Twv apxlkwv dedouévwy Slepeuvwvtal pe kriging
naAwvdpounong (Regression kriging 1 RK). H afeBaitdtnta tng ektipnong
Slepeuvatal pe Baon 5000 SeOUEUUEVEG TIPOCOUOLWOELS. Me Xprion tou
SPI, TO eVEPYELAKO TIEPLEXOUEVO TOU opuxeiou avépxetal oe 300-390 Pcal
(349 - 454 TWh) pe 90% eninedo euniotoouvng.

Me Bdon tov SPI, Siepeuvwvtal SLadOPETIKEG OLKOVOULKEG €KOOXEC TTOU
KQAUTITOUV HEYAAO €UpoC oAAaywv o€ TIHEG €006wv Kal kéotoug. O
EKTLLWHEVEG OLadOpEG OTA OLKOVOULKA €KPETAAAEVUOLUA amoBépata yLa
QUTA Ta oevdpla Tpooeyyilovtal pe pia gumelplkry ouvdaptnon. H
ouvaptnon auth f To ypAdnua TOU TPOKUMTEL UMOopel va SWoeL pla
ypryopn Kol oakplBi mpooéyylon tnG avapevopevng Siadopdg ota
EVEPYELAKA amoBEpata avaAoya LE TIG LETABOAEC OTNV TLUA TOU TPOIOVTOC
N TOU KOOTOUG €€OPUENC ylA OUYKEKPLUEVOUC TOUELG TOU opuxeiou, N
oAOkANpo 1o opuxeio. H aBePfatdtnta tng mpoPAedng afloloyeital pe
OE0UEVEVEG TPOCOUOLWOELG.

H gumEeLpLKr) CUVAPTNON TTOU TIPOKUTITEL, UTTOPEL va XpnotpomnolnBel kat yia
va YIVEL TIPOOEYYLOTIKN €KTIUNON TOU GUVOALKOU KOOToug £€0puéng Tou
ALyViTn TOU OPUXELOU I CUYKEKPLUEVWY TOUEWV.

Jtov Topéa NG €€opuéng, n  ektipnon amoBspdatwv  ouvAOwg
TIPAYULOTOMOLETAL pE Xpron Twv pueBodwv kriging. Evw autég ot pébodot
elval ol KaAUTeEpoL YpapULKOlL EKTIMNTEG yla ykaouoolava Sedopéva,
XPELALOVTOL TNV UTIOAOYLOTIKA QTTALTNTLKY QVTILOTPOdr UEYAAWV TILVAKWY
ouvlLoomopdg. Ma tnv Helwon TwV UTTOAOYLOTIKWY QIMALTOEWY, oUVRBWG
ELOAYETAL LA QKTIva €KTIUNONG QO TOV XPNOTN. Z€ AUTAV TNV SLatplpn,
Slepeuvol e TNV HEBOSO TWV OTOXAOTLKWVY TOTILKWV OAANAemdpacewv (SLI)
WG Mla evaAlaktiki Avon. H kawotopog autr péBodog amodelyel tnv
avtiotpodn Tou mivaka cuvdlaomopds. H mapAapetpog eupoug Lwvng ou



anatteitotl and tn pébodo sival kabopiletal autopata anod tn YeWUETpla
Twv dedopévwy xwpic onoladnmnote eilcodo amod to xpnotn.

Ta povtéha SLI xpnotpomotlovvtal pe tpia dtadopetikd cuvola Sedopevwv
Kall o€ ouykpivovtatl pe TIg pebodoug kriging. To mpwto cUvolo Sedopévwv
TIOU XpnotpomololvTal yla ektipnon pe ta SLI sival ta Stopbwpéva amo
Tov SPI 6gdopéva Ayvitn Tng Maupomnnyng. To 6eUTtepo cuvolo Sedouévwy
elval dedopéva yalavBpaka amo tnv koupnteia Campbell tng moAttelag
Wyoming twv HMA. Ta koltdopata yaldvbpako TnG KOUNTELOG TOUu
Campbell amotedoUv pLa CNUAVTLIKE OLKOVOULKN KOL EVEPYELOKI TINyH yla
v meploxn kabwg n kounteia meplapPavel ta SUo peyaAutepa
avBpakwpuxeia tng Mg. To tpito kal teAeutaio cuvolo Sedopévwy Tou
Slepeuvwvtal and ta povtéAa SLI kat kriging elval éva un ykaouooLavo
oUvoho Sebopévwy amd pla Yndlokn ¢wrtoypadia tou mAavitn-vavou
MAovtwva. To cluvoho &edopévwv auto, av Kal &ev amoteAeital amo
6ebopéva  yaldvOpaka,  Siepeuvarat  yia va  e€etaoctel N
anoteAeopaTikotnTta Twv SLI oe oxéon pe T neBddoucg Kriging oe un
Mkaovoolava edopéva.

Kat ota tpia ouvola dedopévwy, Ta povtéAa SLI Asttoupyouv ypnyopotepa
amno tig pebodoug kriging. EmunmAéov Sivouv To 1810 akpLBelg ekTipnong e
TG LeBOdouUG kriging yla MNkaovoolava dedopéva | oTnV MEPIMTWAON TWV KN
Mkaouoolavwy dedopévwy, Sivouv Mo akpLBELC EKTIUNOELG.

H epyaoia autry akoAouBel tnv akoAoubn doun:

10 mMpwto Kedadalalo, yivetal n sloaywyn mou Sivel To KivnTtpo, Toug
OKOTIOUG KOl TNV Kolvotopia autng tTng HeAETnc. 2to Seutepo Kedpalalo
napouotaletal n Baokn Bewpla MOU amaLTELTOL yLo TV KOTOVONGCN QUTAC
¢ SatpBrc. Ito tpito kKedpdAalo slodyetal Kot enefnyeital o Seiktng
eKPETOAAEUOLLOTNTAG KAl  edopudleTal  oto  Ayvitwpuxelo  tng
Maupomnnyng otnv Makedovia. Ito kedpAAOlO AUTO ELOAYETAL KoL N
ouvaptnon ¢ Sladopds ekTpwuevwy amobspdtwv (ERD). Efetaletan
WG UIOPEL va XpnotdomnolnBel yia va SWoeL YpRYOPEG EKTLUNOELG TWV
anoBepdatwv UTo SLadOPETIKEG OLKOVOULKEG CUVONKEG KoL TO OUVOALKO
kootog €fopuénc. To Tétapto keddAalo mapouclalel TA HOVIEAQ
OTOXQOTLKWY TOTIKWY AAANAemIOpAcEwWVY KAl CUYKPLVEL TNV edapuoyr TOUG
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Chapter 1

Introduction

1.1 Motivation

In spite of environmental concerns related to fossil fuels, coal remains an
important energy resource which contributes to the energy independence
of countries that do not possess other energy resources. Currently, approxi-
mately 30% of the electricity generation in the European Union is coal-based.
The exploitation of coal contributes significantly to job creation; for exam-
ple, in 2012 the coal industry provided ~ 240, 000 jobs within the European
Union [4]. The value of thermal coal variates significantly with time [5].

The exploitation of coal is linked to several environmental challenges.
The burning of coal in power plants releases large amounts of CO; in the
atmosphere. Byproducts of the coal combustion are fly ash, bottom ash
and sludge. The coal may also contain sulfides that release sulfur dioxide
(SO2) when burned or contribute to toxic hydrogen sulfide (HsS) release [59].
Another issue of concern is the large quantities of waste that are disposed
in areas around the mine [71]. Yet, the environmental problems can be
mitigated, at least to some extent [12, 43]. For example, fly ash and harmful
gases can be captured and neutralized by means of various filters if the ash
and sulfide content are accurately estimated. In addition, suitable planning
strategies allow for waste to be disposed in exploited parts of the mine.

Both fossil-based and renewable energy resources share a common feature:
they are distributed in space (renewable resources are also distributed in
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time). It is necessary to understand quantitatively the variations in the
spatial distribution in order to optimize exploitation plans, correctly assess
investment risks, and timely compensate for spatial variations in the quality
of the energy product.

Kriging methods are the standard geostatistical tool used to estimate the
spatial variability of mineral reserves. These methods are commonly used
to estimate the quality and quantity characteristics of coal deposits. These
methods require the time consuming and computationally intensive inversion
of the covariance matrix. Kriging methods benefit from search neighborhoods
the researcher or engineer must determine independently. Furthermore, Krig-

ing methods work best if the data set is close to the normal distribution.

Geostatistical analysis is commonly used for reserves estimation and the
initial exploitation planning of coal or different resource mines. However,
the exploitation lasts for several years. The price of the product, the mining
costs, the environmental reclamation cost, the cost to expropriate the land
and other costs usually fluctuate significantly during the duration of the ex-
ploitation. For example, the price of thermal coal was nearly halved between
January 2011 and January 2016 [5]. Changes in costs or product price could
render unprofitable the exploitation of certain parts of the mine that were
considered profitable based on previous economic estimates [6] thus changing
the reserves.

Changes in the price of the product and cost of the exploitation can lead
to different mining plans and possibly change the pit limits of the mine. The
period that price estimates are considered reliable for most commodities has
a time horizon of three to five years, while the initial mining plans may have
been designed decades in the past with outdated price predictions. There
is a lack of geostatistical tools that can assist in revising the original mine
planning by incorporating current predictions of near-future prices that differ
from possibly outdated economic predictions made at the time of the initial

planning.
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1.2 Objectives

One of the goals of this research is to show that geostatistical tools [14,
60] can be used to efficiently analyze the spatial variability and estimate
uncertainties, and that this information can be used to investigate economic
scenaria, environmental concerns, and issues related to mine exploitation.

Kriging methods are the best linear estimators for Gaussian data [39, 23].
However, they require the computationally intensive inversion of covariance
matrices and are commonly applied with a neighborhood, the radious of
which must be chosen by the user. In this dissertation, a recently proposed
alternative method is tested, the stochastic local interaction model (SLI).
This method avoids the inversion of the covariance matrix. Instead, it is
based on a joint probability density function defined by an energy functional
which involves local interactions between the data. The SLI employs a band-
width parameter which is defined by the geometry of the data-set without
any input from the user.

An objective of this research is to provide flexible and easy-to-use tools
that can assist in defining the optimal pit limits during the initial mine plan-
ning and to also provide adjustments of those limits under evolving economic
conditions. Such tools should generate reliable estimates in the near future
(3-5 years). Motivated by this need, we introduce the spatial profitablity in-
dex (SPI) that evaluates the profitability of each individual seam and assists
in defining whether it is profitable to extract that seam, hence assisting in the
definition of the pit limits. In contrast with pit-limit delimitation algorithms,
the SPI algorithm does not evaluate blocks but individual seams. The spatial
estimations made using the SPI-evaluated drill-hole data can subsequently be
used by open-pit delimitation algorithms such as the Lerchs and Grossman
algorithm [34] to better estimate pit limits. Changing economic conditions
are investigated by using different economic scenarios and using the SPI to
re-evaluate the pit limits and reserves. The SPI is flexible enough to be used
for re-evaluation of pit limits in different sectors of the mine under changing
economic parameters.

As prices and costs change during the exploitation, so do the profitable

reserves of the product and therefore, the expected revenue. One of the
objectives of this research is to assist in the quick and efficient re-evaluation
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of the reserves and expected revenue of each sector or the entire mine. The
approach taken is the construction of an empirical function based on the
estimated reserves difference (ERD) resulting from application of the SPI.
The resulting graph quickly gives an accurate approximation of the reserves
and revenue difference in different economic scenarios for specific sectors or
the entire mine. In their current form, the SPI and ERD are limited to
reserves evaluation for already planed sectors. Their use could possibly lead

to change in the planned pit bottom of such sectors.

1.3 Innovation

The SPI is a new tool for evaluating the profitability of mining seams. Un-
like other indexes as the discounted cash flow which are either financial in
nature but do not account for spatial variability or incorporate the spatial
variability of physical variables but not their financial significance, SPI is
both spatial and financial in nature. The method to calculate the SPI is also
straightforward and can be easily applied to different multiseam deposits.

While estimations of reserves in different financial situations have been
conducted in the past [42], the change has not been modeled by equations,
nor it has been tied to changes in gross mine profit. The ERD is constructed
in a way that makes possible to get an accurate and fast estimation of the
total mining cost for the seams or sectors investigated.

The SLI interpolation method is used in mineral resources data for the
first time. This method gives significantly faster predictions of comparable
accuracy to the kriging methods for data close to the normal distribution. For
data sets in this study that deviate from the normal distribution, the SLI
gives more accurate predictions than kriging with reduced computational

times.

1.4 Structure

The remainder of this thesis is structured as follows:

The second chapter comprises preliminary information. It defines ran-
dom fields, which are used in geostatistics to represent spatial variability
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and some of their important properties, such as the covariance function and
the concepts of stationarity and isotropy. Further-more, the chapter briefly
describes the steps usually followed in spatial analysis studies. We give the
definition of the trend, variogram models, the Spartan covariance model and
finally a detailed synopsis of kriging methods. Next is a presentation of the
conditional simulation method used in this research, which is based on de-
composition of the covariance matrix combined with kriging conditioning.
The validation measures used to assess the estimation results and compare
between the various methods tested are presented next. This chapter con-
cludes with an explanation of the mining terms used in this research, as well
as the commonly used methods and financial indices this research attempts

to supplement.

The third chapter introduces the SPI and the case study of Mavropigi
lignite mine in Northern Greece. After a brief presentation of the Mavropigi
lignite mine, the SPI and the threshold it compares with are defined. Next,
the algorithm used to calculate SPI is given followed by an example that
illustrates the use of the algorithm. Different thresholds than the accepted
ratio of revenue by cost are investigated next. The exploratory analysis of
the drill-hole data of Mavropigi mine, broken in five sectors, follows. Two
sets of data are used in the calculations: the SPI corrected data and the
original data that have not been evaluated with SPI. Next, the spatial anal-
ysis based on regression kriging for both datasets is presented along with
uncertainty assessment based on conditional simulations. In this chapter,
we also present the construction of the estimated reserves difference (ERD)
empirical function and discuss how it can be used to generate accurate and
fast estimations of reserves changes and the total mining cost for the mine.
Finally an example is presented which illustrates the application of SPI could
change the pit bottom elevation during the long term or the mid term mine
planning.

The fourth chapter presents the SLI model, explores its application to
three case studies and shows comparisons with kriging methods. The theo-
retical background that describes the SLI and the precision matrix is given
first, followed by a description of spatial prediction using the SLI model.
The SLI model for the Mavropigi mine and the results are compared with
the kriging results of the previous chapter. The second case study inves-
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tigated involves coal drill-hole data from Campbell county in the state of
Wyoming in the USA. After exploratory spatial analysis is conducted, re-
gression kriging and SLI are utilized to generate estimates and the results
are compared. The third and final data set examined, is a non-Gaussian
dataset from a gray scale digital image of Pluto. SLI results are compared
to those obtained with ordinary kriging. While this dataset does not involve
coal deposits, it is employed in this thesis to showcase the performance of

SLI methods in non-gaussian datasets.

The fifth chapter focuses on the simulations of the Mavropigi data set that
are tested for uncertainty assessment of the reserves. Two transformations of
the data set (logarithm and square root) are investigated. Regression kriging
is applied to the two transformed data sets and the results are compared to
the kriging results obtained from the original data set. Since all datasets
exhibit similar performance with each other, simulations based on all three
datasets are conducted and their results are compared. The chapter closes
by an analysis of our decision to use the simulation results of the unmodified
data set.

The sixth and final chapter is comprises a synopsis of this research. It
details the progress achieved towards reaching the objectives set in the first

chapter and concludes with suggestions for further studies.

A list of publications that were produced as a result of this research is
presented next before the section that contains the bibliographical references.

An appendix with the matlab code used to calculate the SPI follows.



Chapter 2

Preliminary Information

2.1 Mathematical concepts

Earth science data are distributed through space or time [15, 14]. Geostatis-
tics comprises a collection of mathematical methods that can be used to

model and characterize spatial attributes, based on the theory of random
fields.

2.1.1 Random variables and random fields

A random variable X is a point-like variable that can take values, denoted
by x, from an ensemble of possible (probable) values. A random variable
is called discrete if takes values x;, where i=1, ..., N, in a countable set,
i.e.; the frequency of appearance of each value is determined by a probability
distribution function. A random variables X is called continuous if it takes
values x in a continuum set. Then, the probability that X takes values
in an infinitesimal interval around x is determined by a probability density
function (pdf)[49, 16].

The expectation E[X] of a random variable X is the mean value of the
random variable for all of its states. If the probability distribution of X has
a pdf f(z), then the expected value is

o)

E[X]:/ xf(z)dz. (2.1)

o0

29



30 CHAPTER 2. PRELIMINARY INFORMATION

A stochastic process is a collection of random variables representing the
evolution of some system of random values over time. In a stochastic process
there are several (often infinite) directions in which the process may evolve.
This is the probabilistic counterpart to a deterministic system.

A random field Xy is a collection of random variables distributed over
the spatial domain of interest. The vector s corresponds to the position of
a point in the study area. At its most basic, discrete case, a random field
is a list of random numbers whose indices are mapped into a n-dimensional
space. More generally, the values might be defined over a continuous domain.

Values in a random field are often spatially correlated in one way or another.

Mathematical properties characterizing the random variables are extended
for the case of variables distributed in space. A random field consists of a set
of random variables that describe the spatial (or space—time) changes of an
attribute. Therefore, a random field may be viewed as a multidimensional
random variable. Due to the interdependence of physical quantities at dif-
ferent locations in space, random fields have unique mathematical properties
that distinguish them from a set of independent random variables. In this
study, a random field is denoted as X or X (s). Values corresponding to a

unique realization of random field Xy are denoted with z(s) [65, 32].

Fluctuation of the random field X (s) is a random field X’(s) the values of
which are the fluctuations of the values of the X (s) around the expected value
in those locations. As such, fluctuation X'(s) is X'(s) = X(s) — E[X(s)].

Random variables and random fields are described by an ensemble of
states. Each state (realization) is also a sample of the field with a cor-

responding probability which is determined by the multidimensional joint
probability density function of the field [65, 32, 1].

2.1.2 Covariance

The Covariance function, or simply covariance ¢, (s1,ss) of a random field
X is a measure of how much the fluctuation of the field at point s; influ-
ences the fluctuation of the field at the point s,. It is defined according to
equation (2.2).
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cx(s1,82) = E[(X(s1) — E[X(s1)])(X(s2) — E[(X(s2)]) ]
= E[X(s1)X(s2)] — E[X(s1)]E[(X(s2)] (2.2)

in the above E[| denotes the expectation over the ensemble of the random
field states. If follows from equation (2.2) that ¢, (0) = o2, where o2 is the
variance of the random field X.

For two random vectors X, Xy, the covariance matrix is

C(X1,Xs) = E [(Xi — E[X4])(Xs — E[Xa])"]
= E[XiX]] - E[X]E[X,]", (2.3)

where X" is the transpose of vector X. The element C;; of the covariance
matrix is equal to the covariance ¢(X;, X;) as defined in equation (2.2) [14].

2.1.3 Statistical homogeneity

A random field X(s) is statistically homogeneous in the weak sense if the
mean value (expectation) is constant, meaning that m, (s) = m, and the
covariance function depends only on the distance vector r = s; — sy between
two points i.e., ¢, (s1,82) = ¢, (r). The second condition guarantees that the
variance of a statistically homogeneous field is constant. Hence, the depen-
dance of the value of random field X (s) on other locations s;, is determined
only by the distance between s; and s and not by the actual coordinates of

these locations.

These above conditions define statistical homogeneity in the weak sense.
A random field is statistically homogeneous in the strong sense if the mul-
tidimensional pdf for N points, where N is any positive integer, remains un-
changed by transformations that change the location of the points without
changing the distances between them.

Practically, statistical homogeneity implies that there are no spatial trends,
so that the spatial variability of the field can be attributed to fluctuations
around a constant level equal to the mean value. In practice it is difficult



32 CHAPTER 2. PRELIMINARY INFORMATION

to test homogeneity in the strong sense since the multidimensional joint pdf
of the random field is usually unknown while the covariance is easier to esti-
mate [32, 1].

2.1.4 Statistical isotropy

Isotropy implies uniformity in all directions. A field is statistically isotropic
if it is statistically homogeneous and its covariance function depends only on
the distance r, but not on the direction of the distance vector r. Therefore,
if the covariance function is isotropic, the field is by definition statistically
homogeneous, but not vice versa.

Anisotropy, on the contrary, implies that the spatial variability depends
on the direction. The covariance of an anisotropic random field depends on
both the distance r and the direction of vector r. A random field is consid-
ered anisotropic if the directional covariances have different sill or correlation
length values [48, 23].

2.2 Spatial analysis

Spatial analysis provides tools for resolving variations of various properties
at different scales and for identifying potentially useful correlations between
variables. Spatial analysis finds applications in energy resources exploita-
tion [20, 23, 58], earth sciences [15, 10], meteorology [41, 38] and agricul-
ture [19] among other fields similar to the way statistical analysis finds ap-
plications in numerous fields from material sciences to economics [24]. The
geostatistical viewpoint offers a good balance between flexibility and ease of
use [14, 52, 45].

In contrast with the simpler distance-based methods (e.g., inverse square
distance weighted [34], geostatistical methods also provide quantitative mea-
sures of uncertainty. In addition, distance-based methods do not account for
spatial correlations, the type of probability distribution followed by the data,
geological discontinuities, and the extent of the deposit [47]. Geostatistical
methods have successfully been used to investigate energy resources such as
solar energy [70, 69], wind speed [13], and geothermal potential [9] [57, pp. 6-
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14]. Geostatistics have found extensive applications in coal mining [47, 43]

as well as other mineral resources [23, 36]

Geostatistics was based on the work of Danie Krige [39] who developed a
linear optimal stochastic interpolator (named Kriging after him) for mineral
reserves estimation. Kriging methods have been widely used to estimate coal
reserves in multiseam mines [56, 46, 63]. Geostatistical analysis of drill-hole
lignite data allows estimating the quantity of inorganic material in lignite
seams, the local sulfide content [64], the location of methane gas sources in
underground mines, and the gas retained in such sources [37]. Using such
spatial information, it is possible to plan coal blending strategies, selective
exploitation, as well as enrichment and beneficiation of reserves to lessen the
environmental impact [8, 43].

2.2.1 Trend model

Random fields can be represented as X(s) = mx(s) + X’(s). The function
mx (s) is the trend function that represents the deterministic spatial correla-
tions between the data, which are usually of long range. X'(s) is a random
field that corresponds to the fluctuations of X(s) around the trend. The
expectation of the fluctuation is E[X'(s)] = 0.

In most applications that involve mineral resources data, there is no the-
oretical evidence to suggest a particular type of analytical trend model. Be-
cause the concept of trend mx (s) is usually associated with a smoothly vary-
ing component of the variability of Xg in space, it is typically modeled with
low-order polynomials [14, 48, 23].

2.2.2 Variogram models

Geostatistical analysis is based on the variogram function v(s,s+r), where s
is the position vector and r the lag (distance) vector. The variogram describes
the spatial correlations of the spatial random field X (s). It is defined by
means of the following equation in which E[-] denotes the expectation over
the ensemble of the random field states [45]

v(r) = %E [{X(s) — X(s+71)}?]. (2.4)
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In equation (2.4) it is assumed that the random field is either statistically
stationary or that it has stationary increments, so that the variogram depends
only on r and not on s. For the quality parameters of coal this assumption
is generally true [43].

If the random field is stationary, the variogram function is connected to

the covariance C(r) as follows
+(x) = C(0) - C(). (25)

It follows from equation (2.4) that v(0) = 0. As explained in section 2.1.2,
C(0) = o2, where o2 is the variance of the random field. As |r| — oo,
C(r) — 0, hence the variogram of a stationary random field has a sill equal to
the variance o2 of the random field. In practice, the experimental variogram,
which is estimated from the data, may show a discontinuity at the origin
equal to Cy. This represents unresolvable fluctuations or measurement errors
and is known as the nugget effect, where Cj is the nugget variance [23]. The
correlation length or characteristic length is a normalization parameter of the
distance r thus defining the interval within which the field value at one point
significantly affects the value at another point [45].

To emulate the variogram at any distance, theoretical variogram models
are fit on the experimental variogram [7, 45]. Some commonly used theoreti-
cal variogram models include the exponential, gaussian and spherical models.
Their respective equations are listed below. The symbol Ui denotes the vari-
ance, ||r|| is the Euclidean norm of the lag vector r, and ¢ is the correlation
length.

Exponential

W (r) = op [1—exp (= [x]| /€)]. (2.6)

Gaussian

Y (1) = ai [1 — exp (—||r||2/§2)} ) (2.7)
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Spherical
3
2 115 (Il) .5 (Ll if ||r|| <
e (1) = "x{ (é) (5) iffxll <€ (2.8)
o if [[rf| > €.
Matern

2 () d
% (r) =0} [1 ) <¢2_§> KV(\/2_§>]. (2.9)

The parameter v > 0 is the smoothness parameter, which controls the
continuity of the random field. I'(-) is the gamma function, and K, (-) is the
modified Bessel function of the second kind of order v [67, 61].

2.2.3 Spartan spatial random field model

Spartan Spatial Random Fields (SSRFs) are a recently proposed family of
geostatistical models with environmental applications [67, 21, 72| as well as
applications with coal deposit evaluation [53, 51]. SSRFs are generalized
Gibbs random fields with a kernel function that acts as a filter for the fluc-
tuations. The term Spartan indicates parametrically compact models that
involve a small number of parameters. The SSRF are defined by means of
physically motivated spatial interactions between the field values [67, 31].

In three spatial dimensions the SSRF model is given by [67, 30, 33]

_Ixl sin(mﬂ )
sRce € B2 Q%) Iml <2,
O(r) = me m=2. (2.10)
Il I, )

In equation (2.10), 7 is the scale factor that determines the magnitude of
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the fluctuations, 7 is the rigidity coefficient, and £ is the characteristic length
that determines the range of spatial correlations. The remaining coefficients
are given by B2 = [2F m|Y?, wio = (%)1/2, and A = |n? — 4|Y/2. The
correlation length of the Spartan model is determined by both 7; and &. For
n1 = 2 the Spartan covariance of equation (2.10), the exponential model of
equation (2.6) is recovered.

The SSRF model was shown to perform competitively in interpolation
studies that involved radioactivity dose rate [21], coal reserves [53, 51] and
groundwater level [66]. It is a flexible covariance model with two parameters
(m1,€). Motivated by the success of this model on environmental and coal
data, the Spartan Spatial Random Field (SSRF) covariance model is one of
the models tested in the geostatistical analysis of this research.

2.2.4 Kriging

Kriging involves a family of stochastic spatial interpolation methods that
can be used to estimate the value of a random field X (u) at an unmeasured
point u by means of a linear combination of the measurements at n nearby
points sy, ...s,. These points ideally involve all the sampling locations. If
this choice leads to too-heavy computational load, the neighboring points are
restricted to those found within a kriging neighborhood which is defined by
the user. The estimation process is usually repeated at every node of a grid
suitably defined for the particular application. This allows the creation of
maps representing the isolevel contours of the random field. For example,
if the yearly precipitation is measured in a few stations distributed in an
area, kriging methods can be used to create a map of precipitation in a grid
that encompasses the entire area [1]. These maps can be accompanied by an
estimate of reliability, which determines the uncertainty of the estimation at
each point.

The predicted value of the field at the estimation point is expressed ac-

cording to the following linear combination:

X(u) = Z)\iX(si). (2.11)
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A~

In equation (2.11), X (u) is the estimation at the unmeasured point u, and
A; are linear weights that correspond to each of the n points in the kriging
neighborhood. The prediction error is e(u) = X(u) — X(u). In kriging
methods, the linear weights \; are calculated by minimizing the error variance
of equation (2.12)

oZ(u) = Var | X (u) — X (u)| . (2.12)

The variance may be minimized under constraints as in the case of ordinary
kriging.

This leads to a linear system of equations which is expressed in terms
of the covariance or the variogram. In contrast with deterministic methods,
such as inverse distance weights, Kriging provides a measure of prediction
uncertainty based on the kriging variance % (u) [39, 17, 43].

Simple Kriging

Simple kriging (SK) is applied if the mean m,. is known and constant through-
out the random field, i.e. E[X(s)] = m,. If X'(s) = X(s) — m, the kriging
estimator is defined by the following equation:

n(u)

X(u)=m, +Y XX '(s). (2.13)

=1

Since E[X'(s)] = 0, by definition the error variance of equation (2.12)
becomes

Rotw =B | {X - X w}]. (214)

After minimization over the weights, the system of n(u) linear equations
used to calculate the linear kriging weights \; is expressed by the system of
equations shown in (2.15) [17, 39]

3
£

Aj ¢ (si —85) = ¢y (s; —u), i=1,...,n(u). (2.15)

<.
Il
-

The above system of linear equations may also be expressed as the matrix
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equation

Ci,j)‘j = Ci,u- (216)

The matrix C; ;, represents the covariance matrix between the data points.
The vector C;, represents the values of the covariance function between the
sample points s; and the estimation point u. Since ¢, (0) = ai, the linear

system is equivalent to

o2 oo (81— 8p) A1 (51— )
) o almon) ||| [almew |
c(sp—s1) ... 0 An ¢, (s, —u)

The reliability of the prediction is determined by the square root of the
variance of the estimation error O'J%’SK(U) which is determined from equa-
tion (2.18). The quantity og sk (u) is the standard deviation of the Gaussian
distribution that describes the random variable X (u) [23, 14].

—~
—~

n(u) n(u)

of sk () = 0? — CiCi Ca (2.18)
L L

s
I
—_

<
Il

Ordinary kriging

Ordinary kriging (OK) is applied if the mean m, (u) is constant but unknown
inside the local neighborhood of the estimation point. The mean m, (s) may
vary from neighborhood to neighborhood if the ordinary kriging is not applied

over the entire domain.

The unknown local mean is removed from the linear estimator by forcing
the sum of the kriging weights to be equal to one. This constraint enforces
the zero bias condition. The ordinary kriging estimator X (u) is thus written

as
n(u)

X(u) = Z)\iX(si), (2.19)

n(u)
with Y X\ =1. (2.20)
=1
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In the case of ordinary kriging, the minimum mean square error should
be calculated using the constraint imposed by the zero bias condition of
equation (2.20). The minimization of the error variance under the zero bias
condition makes use of the Lagrange multiplier method for constrained op-
timization [18].

These conditions lead to the linear system of equations (2.21) and (2.22)
for the linear weights, where the constant p is the Lagrange parameter.

n

—~

u)
Aj e (si—sj)+p=c(s; —u), i=1,...,n(u), (2.21)
1

J

> =1 (2.22)

The linear system of equations that gives the OK weights \; is written in
the form of matrices as shown in equation (2.23)

i a)% cen oe(s1=sn) 1] [\ ¢ (s1—u)
ce(s2—s1) ... c(sa—sp) 1 A2 ¢ (s2 —u)
: L = : (2.23)
e (sn—s1) ... o2 1 An ¢ (sp —u)
L 1 01 L p | L 1 J

The ordinary kriging error variance is respectively given by the equation

n(u)
O-E2,OK (11) = Oﬁ - Z Ai Cx (ua Si) - M. (2.24)
=1

The Lagrange parameter y is always negative u < 0. As such, o, ,, (u) is
always greater than o, ., (u) implying greater uncertainty of OK estimations
compared to SK, because of the elimination of the requirement for E[X (s)] =
m [15, 23].

As shown in equation (2.5), for stationary random fields the variogram
is connected with the covariance. If only the variogram is known the OK
weights can be calculated simply by substituting ¢, in equation (2.21) with

V- As such, OK weights can be calculated by the equations (2.25) and (2.26)
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using only the variogram

n(u)
Z)\j Y (8i —85) — =, (s; —u), i=1,...,n(u), (2.25)
=1

n

—~

u)
A= 1. (2.26)

=1

Similarly, the ordinary kriging error variance is given by the equation
n(u)
UEQ,OK (u) = Z )‘l 7}( (ua Si) - M. (2.27)
i=1

Regression Kriging

Regression Kriging (RK) combines a trend function with interpolation of the

residuals. In RK the estimate is expressed as

A Ay

X(u) =my(u)+ X (u), (2.28)

where m, (u) is the trend function, and X'(u) is the interpolated residual by
means of OK [55, 14, 27].

The method of regression kriging is used in applications such as the mod-
eling of spatial variability in precipitation [1], modeling spatial distribution
of human diseases [54], and mapping of groundwater levels [68]. The advan-
tage of the method relies is its ability to combine a trend model between the
dependent variable and auxiliary variables (such as land surface parameters),
and allow separate interpretation of the two interpolated components [27].

2.2.5 Inverse distance weights

The Inverse distance weighting (IDW) technique is a deterministic predic-
tor [34]. The IDW methods are often applied using a neighborhood of a
user-determined radius around the prediction point u or a number of nearest
neighbors to u (i.e. 3 nearest neighbors) to determine a number of N nearby
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data points with known values. This simple linear method of estimation
assigns the linear weights \;, i = 1,2, ..., N according to the inverse of the
distance rg,,, of s; from the prediction point u. The greater the distance of
s; from u, the lower the value of the linear weight \; that corresponds to the
data point s; as shown in equation (2.29)

N  X(s;

A Zi:l Ts(j;)
X(u)=—x—"1—
ZZ:l Ts;,u

Variations of the method use the inverse of the distance 7y, , raised to

(2.29)

a power n as shown in equation (2.30) to calculate the values of the linear
weights like the inverse distance squared weights (IDS) method that uses
Tou [34]

ZN X (s;)
~ =1 Tgiv“

EEE

The benefit of using IDW methods is their computing simplicity. How-

(2.30)

ever the assumption that dependence of the value X (u) on the values of its
neighbors is reduced with the square of the distance or some other power
leads to a less effective predictor than the kriging predictors. IDW methods
also do not give an estimate of the uncertainty of the estimation at each
point [39, 28].

2.3 Maximum likelihood estimation

Maximum likelihood estimation (MLE) is a method of estimating the param-
eters of a statistical model given observation data from an unknown distri-
bution. For a given model, the MLE calculates the values of the parameters
that maximizes the probability that the observations will be reproduced by
the chosen spatial model [14].

Suppose there is a sample 1, xo, . . ., z,, of n iid observations, coming from
a distribution with an unknown pdf fy(z|ko), where ky is the unknown true
value of the parameter vector. It is desirable to find an estimator k which
would be as close as possible to the true value k.
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To use the method of maximum likelihood, the joint pdf for all observa-
tions is calculated. For an independent and identically distributed sample,

this joint density function is
flar, @z, walk) = fai]k) x faa]k) x - X f(zn]k). (2.31)

The likelihood function for iid variables is

n

Lk xy,.. x) = flar, 2o, 20 | k) = [ [ flai | k). (2.32)

i=1

The method of maximum likelihood estimates kj by finding the param-
eter vector k that maximizes the likelihood L(k;z1,s,...,x,). Since the
logarithm is a monotonically increasing function, maximizing the likelihood
is equivalent to maximizing the logarithm of the likelihood function which is
given by the equation (2.33) [14].

InL£(0; xl,...,xn):ilnf(xi | 0) (2.33)
i=1

2.3.1 Correlated random variables

The assumption in our data is that the variables of the random field are
correlated, not independent as was the assumption in section 2.3. In such

cases, the likelihood function shown in equation (2.32) must use the joint
pdf.

If the covariance matrix of a Gaussian random field X is denoted by C'x
and F(X5) is (41, - - -, i4n) at n locations of the field, the joint probability den-
sity function of these n random variables is then given by equation (2.34) [25]

FX1,. . X)) = ! o 3B O (X BT (9 34)
(2m)"/2 /det(Cx)

In this and other cases where a joint density function exists, the likelihood
function is defined as shown in equation (2.35) using the joint pdf
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L0K; 21, w0) = fl@n @, | K. (2.35)

2.4 Simulation

Uncertainty significantly contributes to the financial risk of mineral resources
exploitation. It is introduced by sampling limitations, experimental errors,
cost and price fluctuations, and geological factors such as the tectonic move-
ments and the weathering of an area which disrupts the structure and quality
features of the deposit. All these factors impact the estimation of total re-
serves [50]. The best available mathematical tool for exploring uncertainties
and the probabilities of different scenarios is geostatistical Monte Carlo sim-
ulation [14, 15, 53, 46]. Conditional simulations in particular can generate
different scenarios (realizations) that reproduce the statistical behavior of the
spatial variability and also respect the data [36, 28]. Conditional simulation
methods assume a given dataset D and a set of grid locations G where the
values of the random field X need to be simulated. The simulation set is
denoted by S = DUG.

We use the conditional simulation method which is based on covariance
decomposition combined with kriging conditioning (CDKC) [57, pp. 455-
459]. CDKC simulates the values of the random field X at the locations of
the simulation set S = D U G using the following steps

1. The covariance model C(r) is estimated from the data.

2. A vector X(S) = {X(D) U X(G)} is derived by combining the data
X (D) with the kriging-based estimates X (G) at the points in G.

3. The covariance matrix Cx is constructed for the points in S and then

the square root decomposition A is evaluated, i.e., Cx = AT A.

4. A random vector u is generated from the standard (zero mean, unit
variance) normal distribution N(0,1). The length of u is equal to the

number of points in S.

5. The unconstrained simulation X* = A u is generated.
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6. Using the unconstrained simulation values X"(D) as data, a second
application of kriging generates the interpolated vector X“(G)

7. We then construct the vector X*(S) = {X*(D) UX*(G)}

8. Finally, the constrained realization on S is generated by means of the
equation
X =X"+X - X" (2.36)

2.5 Spatial model validation

Validation methods provide the means for assessing the performance of dif-
ferent spatial models in terms of statistical measures. Validation typically
involves methods that measure the predictive performance of the model based
on the available data.

Assume the random field X with known values at the locations s;, i =
1,2, ..., N. In the Leave—one—out cross—validation (LOOCV or LVO) method,
the value z(s;) is removed from the data set, and Z(s;) is estimated based
on the remaining data. This process is repeated for all N sampling points.
The performance of the predictor is assessed by comparing z(s;) with z(s;)
for i = 1,2,..., N according to the validation measures presented in section
2.5.1. It can be shown that the cross-validation (CV) error estimate is an
almost unbiased estimate of the true error expected on an independent test
set [62].

2.5.1 Validation measures

The spatial model’s performance is evaluated using certain statistical mea-
sures. These measures include the following: the mean error (bias) (ME), the
mean absolute error (MAE), the root mean square error (RMSE), Pearson’s

correlation coefficient (p) and Spearman’s (rank) correlation coefficient (rg).

For the following measures, (s;) and z(s;) are the estimated (based on
the N — 1 data that do not include point s;) and true value of the field at

point s;. The quantity x(s;) denotes the spatial average of the data and z(s;)
the spatial average of the estimates [1].
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Mean error (bias) (ME)
The mean error is calculated as follows:

ME = % Z:: [#(si) — 2(s:)] - (2.37)

This measure calculates the bias of the predictor. Particularly high posi-
tive or negative values of this error imply a systematic error that leads to

inaccuracy.

Mean absolute error (MAE)

The mean absolute error is calculated as follows:
N
MAE = — Zl |2(s;) — x(s;)] - (2.38)

This measure calculates the accuracy and precision of the predictor. All
individual differences are weighted equally by MAE.

Root mean square error (RMSE)

The root mean square error is calculated as follows:

RMSE — % > fils:) — ol (2.39)

RMSE also calculates the accuracy and precision of the predictor. Since
the errors are squared before they are averaged, the RMSE gives a higher
weight to large errors. As such, the RMSE is preferable to MAE when large
errors are particularly undesirable.

Pearson’s correlation coefficient (o)

The correlation coefficient, o, is the statistic that is most commonly used to
summarize the relationship between two variables. The formula for Pearson’s
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linear correlation coefficient g is [35]

(2.40)

The correlation coefficient o provides a measure of the linear relationship
between two variables. This relation can best be illustrated in terms of a
scatterplot. If o = +1, the scatterplot is a straight line with a positive
slope; if p = —1, the scatterplot is a straight line with a negative slope.
For |go| < 1 the scatterplot appears as a cloud of points that becomes more
diffuse as |g| decreases from 1 to 0. The value of p is often a good indicator
of how successful a linear prediction one variable from the other with a linear
equation would be [1, 35].

Spearman (rank) correlation coefficient (rg)

If the relationship between two variables is not linear, the correlation co-
efficient o may prove to be a poor summary statistic. Thus, it is useful
to supplement the linear correlation coefficient with another measure of the
strength of the relationship, the rank correlation coefficient. To calculate the
rank correlation coefficient, equation (2.40) is applied to the ranks of the data
values rather than to the original sample values as shown in equation (2.41).

Zz]\il(Rdfz — Riz)Q
NNZ—1)

rg=1-— (2.41)
where R,, is the rank of z; among all the other = values. The rank is calcu-
lated by sorting the x values in ascending order; the rank of a given value is

equal to its order of appearance in the sorted list.

Unlike the traditional correlation coefficient, the rank correlation coeffi-
cient is not strongly influenced by extreme pairs. Large differences between
the two may be due to the location of extreme pairs on the scatterplot. Dif-
ferences between p and rg may also reveal that although the variables are
correlated, their relation is not linear [1, 35].
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2.6 Coal mining terms

In this section, the mining terms used in this thesis are explained briefly.
Coal is a combustible black or brownish-black mineral primarily used as fuel
for power stations. Coal forms when dead plant matter through lengthy
biological and geological processes is converted into peat, which in turn is
converted into lignite. As millions of years pass more chemical and physical
changes occur and lignite increases in maturity. It is metamorphosed to sub-
bituminous coal, after that to bituminous coal, and lastly anthracite, the last
of the classifications used when the coal has reached ultimate maturation
bibliografia.

Most coal mines are surface mines. The depth at which mining stops,
either because the ore is exhausted or because mining becomes unprofitable,
is called pit bottom elevation [34].

Long term mine planning refers to exploitation planning for long periods,
usually over five years, such as the planning of a large mine sector. Medium
term or mid term mine planning refers to shorter periods of time, from six
months up to five years. Continuous mining methods involve equipment
such as bucket wheel excavators and conveyor belts which allow continu-
ous extraction and transport of the ore. Non-continuous or cyclic mining
methods imply asynchronous extraction and transportation of the ore.

Waste is the earth or rock that needs to be extracted, in spite of its
zero economic value, to expose the valuable product. Waste is classified as
overburden if it lies on top of the coal (or other mined product), or interbur-
den if it lies between ore seams in multiseam mines. Many coal mines are

multiseam mines [34].

Lower calorific value (LCV) is the total energy released as heat when
coal undergoes complete combustion with oxygen under standard conditions
subtracting the energy required to vaporize the water content. LCV depends
on several quality parameters (ash content, water content, volatile material
content, etc.) and usually exhibits intense variability within the coal de-
posit [51].

Lignite is lower quality coal in terms of ash content and LCV. There are
no universal criteria in the coal mining industry for geologically classifying
a seam as lignite [4]. For Mavropigi mine, a seam is characterized as lignite
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if its LCV exceeds 900 kcal/kg and the sum of CO, and ash content is less
than 50% [52]. The coal of Powder River Basin has been characterized as
such by the USGS [26].

The lignite energy content per unit of surface area (LEC area density in
Geal/m?), in this research is defined as follows

1

LEC(s,) =p Y diE;, (2.42)

i=N(sp)

where F; is the LCV (Gcal/t) of lignite seam i, p; is the lignite density (1.2

t/m?), and d; is the thickness of seam i (m).

2.6.1 Existing economic indices

Engineers are faced with the problem of optimizing ore production under
specified economic and environmental constraints. The mining industry uses
several indices that assist in this task. A short synopsis of common existing
indices is presented to show the state of the art that this research seeks to
supplement.

Discounted cash flow

Profitability is commonly measured by means of the discounted cash flow
method (DCF) which is based on the equation

(P, —C;) .

T Q
NPV =—Co+ ) ( =1
=1

T 2.43
14T T (243)

In the above, NPV is the net present value of the mine, Cj is the invest-
ment cost, T is the expected life of the mine in years, ¢ the time period in
years, (); is the annual production, P; is the price per unit ton, C; is the
production cost per unit ton, and r incorporates discount effects and risk
factors [34, p. 51], [11]. DCF analysis is a simple method for estimating
economic profit that provides a single value for the entire mine, but it does
not resolve variations across the mine or between the interchanging ore seams
and waste.
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Profitability index

The profitability index (PIR), refers to the revenue to investment ratio and

it is defined by

PV
PIR = — 2.44

where PV is the present value of the mine. A value of PIR > 1 denotes a
potentially profitable investment, whereas PIR < 1 implies that the invest-
ment required exceeds the expected payoff. This index also lacks the ability

to account for different mine areas and individual seams [40].

Stripping ratio

The stripping ratio (R) is determined by the volume of waste that needs
to be disposed to mine a ton of ore [34, p. 389]. The marginal stripping
ratio is the maximum allowable stripping ratio beyond which the operation
becomes unprofitable. Pit limits can be defined by comparing the stripping
ratio for each part of the deposit to the marginal stripping ratio. Hence, the
stripping ratio incorporates spatial variability, but it does not account for
the profitability of individual seams.

2.6.2 pit limit optimization

Mining is a complex operation, with respect to both technological and plan-
ning aspects. In open-pit mining, blocks are extracted from the ground in
order to take the coal or other ore contained in them. This process leaves an
increasingly deeper pit until the mining operation ends [34].

The open-pit design problem is to find an optimal ultimate contour of
the pit based on estimates of mining costs, the price of coal or other ore, and
physical constraints on mining precedence and maximal pit slope. A com-
mon method for pit limit optimization is the Lerchs-Grossman algorithm [34].
This method is based on block evaluation (taking into account revenue and
costs) and technical constraints such as the maximum allowed slope. The
algorithm evaluates all combinations of blocks in order to determine the opti-
mal pit. This method and similar ones evaluate blocks, not individual seams,
based on block expected revenue and costs. Thus, the application of such
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methods in multi-seam mines becomes complicated unless the profitability
of individual seams is taken into account during the profitability evaluation
of individual blocks.



Chapter 3

Spatial Profitability Index

3.1 Introduction

This chapter focuses on the development of new geostatistical tools for the
analysis of lignite energy resources. The Spatial Profitability Index (SPI)
is introduced as a novel tool for evaluating the profitability of individual
seams in open-pit multiseam mines in order to provide pit limit optimization
algorithms with spatial estimates based on economic criteria. Coal price fluc-
tuates significantly with time. For example, the price of coal used for power
generation was nearly halved between January 2011 and January 2016 [5].
We use spatial interpolation to estimate the energy content locally and con-
ditional simulations to quantify the uncertainty of the estimates. Using the
SPI, it is straightforward to investigate how changes in economic factors im-
pact the estimated reserves and to better assess the costs and revenues of
different exploitation scenarios.

The SPI allows evaluating the impact of changes in market prices that
could alter the profit expected from mining certain seams. It also incorpo-
rates costs due to environmental regulations that can reduce the profitability
of deep seams. The SPI also helps to more effectively design the final open
pit bottom elevation in different areas of the mine as the grid estimates for
the LEC density are based on economic and quality criteria, thus improv-
ing the data used by pit limit optimization algorithms for block-evaluation.
With regard to medium term mine planning, SPI analysis may suggest can-

ol
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celling the exploitation of deep benches or extraction using lower capacity but
less costly non-continuous mining methods. We also derive a semi-empirical,
explicit but mine-specific, SPI equation that captures the relation between
changes of the estimated reserves and economic scenarios.

A case study of the application of SPI in the Mavropigi lignite deposit is
investigated in this chapter. Lignite is a carbon-based fuel, mostly used for
power generation; it is considered low-quality coal with low calorific value
and low volatile content. The world-wide lignite production in 2012 was
0.9 billion tonnes whereas 3% of the global power generation was lignite-
based [3, 4]. Since lignite is almost exclusively used for power generation,
the most important quality parameter of lignite is its lower calorific value
(LCV). Important quality characteristics of lignite include the ash content of
the lignite and its sulfur content. These substances produce hazardous and
potentially toxic byproducts, the treatment of which increases the cost of the
power generation. These quality characteristics can show significant variation
within a deposit and thus can significantly affect the profitability of sectors
and individual seams of the mine. Changing product prices or environmental
regulations over time complicate the estimation of which parts of the mine,
seams or sectors, can be mined at a profit.

Matlab 2010b was used for implementation of the algorithms presented
in this chapter. The matlab code created to calculate and implement the
SPI is included in the appendix.

3.1.1 Mavropigi lignite deposit

The Mavropigi mining field is located in the northern part of the west bound-
ary of Ptolemais mining area. The area of the mine covers approximately
11 km?. In the NW-SE direction, it extends over approximately 5 km from
the Ptolemais power station to the Komanos village and in the NE-SW di-
rection from the former opencast mines (North Field and Komanos) to the
mountain front where pre-Tertiary slates and limestone seams occur near the
surface. The mining field includes administrative buildings of the opencast
mines, industrial facilities and parts of the Ptolemais power station. Inside
the planned mining area, the Mavropigi village is located in the southwest
of the field.



3.2. SPATIAL PROFITABILITY INDEX 53

From the beginning of the mining operations at the end of 2002 until
the end of 2014, 63 Mt of lignite were produced. The lignite reserves have
a mean LCV of 1.412 Geal/t. The annual lignite production of the mine is
approximately 8 Mt.

The Mavropigi deposit has a multiseam structure. Besides a zone of
thin lignite—bearing strata in the south, the thickness of the lignite-bearing
series grows towards the northwest, where it mostly ranges between 50 and
150 m. The overlying strata thickness ranges mostly between 10 and 50 m.
The mining field is separated by NW-SE striking faults into individual fault
blocks. Towards the mountain front it is limited by one or several faults with
dips in the direction of the mine. Furthermore, sandy—gravelly seams of the
overburden strata locally incorporate consolidated seams [52, 51].

3.2 Spatial profitability index

This section introduces and explains the spatial profitability index (SPI). In
an open-pit multiseam mine the profitability of deep ore seams that are sep-
arated by large interburden waste or lie at the bottom of the deposit depend
on the overlying and the underlying seams (if the latter exist). If two lig-
nite seams are separated by a large seam of interburden, the exploitation
of the lower seam may not be profitable. The removal of thick interbur-
den seams may be economically feasible if more than one lignite seams are
found below the interburden. A higher market price of the produced min-
eral could change which seams could be mined at a profit and consequently
the estimated reserves. In contrast, updated environmental regulations or
initially unforeseen technical complications could increase costs thus making
unprofitable the exploitation of deeper seams.

The SPI aims to provide a quantitative tool for investigating the impact of
different choices and external changes on the profitability of individual seams.
Using the SPI, the change of estimated reserves according to market price and
cost fluctuations can be easily investigated. This knowledge helps engineers
to plan the mine and design the pit bottom elevation more effectively. It can
also be used to quickly re-evaluate the reserves or the pit-bottom elevation
of different mine sectors as economic conditions change. The SPI can also
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be used to reevaluate medium-term exploitation plans and select specific
subsectors according to the expected product demand, or to reevaluate the

profitability of lower benches in light of new economic conditions.

3.2.1 Definition

Let the vector s = (s,, z) denote the position vector within the mine, where
z is the depth along the vertical dimension and s, = (x, y) the map location
of the drill hole. Let ¢ = 1,..., N(s,) number the lignite seams along a drill
hole at s, and A; denote the specific seam; i = 1 corresponds to the top
seam. In general, A; at s, may refer to a different seam than A; at s, due to
geological discontinuities.

The spatial profitability index (SPI) is denoted by 6;(s,) for A;, ¢ > 1. At
sp, the SPI is defined by

Silsy) = T i= N'(s,),... L, (3.1)

where )~ Pj(s,) is the expected revenue per unit area from the exploita-
J=N"(sp)
tion of A; and all underlying seams that could be mined at a profit, whereas

7

> Cj(s,) is the exploitation cost per unit area for the investigated seam
J=N'(sp)
A; and the underlying seams that could be mined at a profit. N'(s,) is the

number of seams that can be exploited at a profit in location s,,.

To investigate the profitability of the first seam, certain costs should be
included in C (costs for the first seam) like the cost of purchasing the land,

equipment setup costs, defoliating the area etc.

The extraction of a lignite seam is considered economically profitable if
the SPI exceeds a threshold value d.. As such, ¢, is the marginal SPI value at
which extraction of a seam is considered profitable. Typically §. = 1, except
if the threshold accounts for a risk factor for unforeseen and unaccounted
costs. For example, to account for 10% unforeseen costs, d,. could be set to
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0. = 1.1, thus requiring expected revenues 10% higher than the expected

costs for a seam to be considered profitable.

The expected revenue per unit area for seam A; is given by
Pi(sp) =T Ey(sy), (3.2)

where T' is the energy price per Geal (€/Gceal), and E;(s,) is the energy
content per unit area (Gceal/m?) for the seam A;.

Similarly, the costs C;(s,) are given by
Cj(sp) = klj Lj(sp) + kw; Wy(sy) + Cejsp), (3.3)

where L;(s,) is the weight per unit area (t/m?) of A;, Wj(s,) is the weight
per unit area (t/m?) of the overburden —only of the single waste seam on
top of Aj(s,), not overburden of the mine— ki; is the cost (€/t) for the
extraction, transfer and storage of the lignite for seam A;, kw; is the cost
(€/t) of the extraction and disposal of the single overburden seam of A;, and
Ce; accounts for additional costs for the entire seam (e.g., extra extraction
costs for a seam with pyrite). The coefficients kl;, kw; could have values that
depend on the mine sector and the depth of A; if needed. In this study, kl;
and kw; are considered uniform within the same sector for simplicity, i.e.,

klj = kl and kw; = kw for the entire sector.

We define the extraction index as a binary function that selects seams
that could be mined at a profit, i.e., [;(s,) = 1 for seams that can be mined
at a profit and I;(s,) = 0 for waste or seams that can’t be mined at a
profit. The profitability index takes into account only the seams below A;.
Nevertheless, seam A; is not extracted if it is unprofitable to extract any of
the superjacent seams (A;, j < 7). The extraction index is used to address
this issue. Provided that [;(s,) = 1, the profitability of the seam A; at
location s, is determined by the SPI. The extraction index helps to evaluate
the total thickness of seams that can be mined at a profit for two-dimensional
spatial analysis as well as the estimation of reserves and seams that can’t be
mined at a profit for three-dimensional analysis and mine planning.
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SPI and extraction index calculation algorithm

The calculation of the SPI, §, and the extraction index, I, per seam is given
by Algorithm 1. For a given drill hole at location s, the algorithm initially
sets the number of lignite seams N’ that can be mined at a profit equal to

the deepest seam at this location, i.e., N(s,).

Algorithm 1 Calculation of the SPI and the extraction index for seams at
location s,. For brevity the location s, is not shown explicitly.

N =N
for i =N',N'—1,...,1 do (Begin Loop A)
N N
6= P /Y0
if o; ]< e thien
N =i—1
for k=14,1+1,..., N do (Begin Loop B)
I, =0
end for (Loop B)
else if §; > 1 then
end if
end for (Loop A)

The calculation proceeds sequentially to higher seams, up to the top seam.
For a given seam, if § > 0., the respective extraction index is set to one;
otherwise, it is set to zero for the current and all the underlying seams. In
the latter case, the deepest seam that could potentially be mined at a profit
becomes the one above the current seam. According to Algorithm 1, a seam
with § > J. is not extracted if an overlying seam has § < J.. Then, the
extraction index is set to zero for both seams. This condition is fulfilled if
the waste removal costs exceed the expected revenue from both seams. For
example, assume that the seam Ay has an energy content of 10 Gcal/m?
and is found just five meters below the superimposed seam Ay _; which has
an energy content of 8 Gceal/m?. If seam Ay_; is buried under 100 m of
interburden, the SPI may suggest that it is unprofitable to extract 105 m of
interburden to exploit 18 Geal/m?.
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Example The schematic of Fig. 3.1 illustrates the evaluation of the SPI
and the extraction index for a lignite drill hole that crosses three seams. The

energy content per seam is given in Table 3.1 and the economic parameters
in Table 3.2.

£y Ey Es
9 Geal/m? 16 Geal/m? 5 Gceal/m?

Table 3.1: Hypothetical energy content per lignite seam

T kl kw p1 Puw dc Ce
7€/Geal 21€/t 25€/m® 12t/m* 1.8t/m> 1.1 4€/m?

Table 3.2: Hypothetical economic parameters of the three lignite seams
shown.

The algorithm starts at As by setting N/ = 3. The expected revenue is
Py =T - E3 = 35 €/m? and the expected cost C3 = (ki - Lz + kw - W3) =
106.9 €/m?. The respective SPI is §3 = 0.33 < 1.1 and thus [3=0. Since
A3 is deemed unprofitable, we set N’ = 2 and calculate the indices for As.
This leads to P, = 112 €/m2 and Cy = 32.0€/m2. Hence, the SPI for A, is

09 = 3.5 > 1.1 leading to Ir,=1.

For the first seam, we have P, = 63€/m” and C; = 91.5€/m”. Finally
the indices are calculated for the first seam as 6; = giigz = 1.4 > 1.1 leading
to I1=1. In the case of I; = 0, then the whole drill-hole would be unprof-

itable indicating that the mine should not extend there if possible.

3.2.2 SPI and mid-term mine planning

Using the procedure described above, the SPI can be calculated for each
seam in a drill-hole. The product prices and mine costs are expected to
fluctuate significantly during the mine’s lifetime [5]. Similarly, the waste
extraction and disposal cost may depend on the specific sector, particularly
in a large mine or a mine with varying sulfur content at certain sectors. As
such, knowing the SPI for each seam assists in re-evaluating whether it is
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Figure 3.1: Schematic of drill-hole in multiseam lignite mine. The elevation
is measured in terms of meters above sea level.

profitable to mine the investigated seam or not, under different economic
situations, even over a period of three to five years.

Different values of the coefficients kw and kl of equation (3.3) can be
evaluated for each sector of the mine to reflect changes in transportation
costs and/or in the depth of the lignite-bearing strata or presence of pyrite
in specific sectors.

Additionally, a range of values for the parameters kw, kl, the coefficient
Ce that reflects other seam costs, or for the lignite price 7' could be investi-
gated during mine planning. Such an effort could help to quickly re-evaluate
the pit limit and the reserves held in a sector, or even the profit expected
from the investigated sector in the three-year plan, under different conditions

or unpredicted costs.

For example, to take into account a possible increase in waste disposal
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costs, different values of kw could be investigated for a specific sector of the
mine that will be exploited within three years. These scenarios could locate
areas near deposit outcrops which would not be profitable to mine in case of
a waste disposal cost increase, or product price drop. Further investigation
would suggest whether these areas should be mined with non-continuous
methods or even whether mining the lower seams should be avoided.

3.2.3 Supplementing thresholds for SPI

As defined in section 3.2.1, the SPI is a ratio of revenue to costs or ¢; = R;/C;
where R; and C; respectively are revenue and costs. The Profit P, from
mining seam A; and all profitable seams below it is P, = R; — C;. Hence, it
is easy to prove [51] that

P(s,) = Rilsy) “5 (3.9
and
Ci(s,) = % (3.5)

Critical threshold 6. has been defined in section 3.2.1 as the marginal
value of SPI for a seam to be considered profitable. Instead of using the
critical threshold ¢, it is possible to use the SPI with a minimum profit P.
(€/Gcal) threshold or maximum cost C.. (€/Gcal) threshold.

A maximum cost threshold C, = T where T' (€/Gcal) is the lignite price,
means that the cost to extract each unit of LEC (Gcal) must be less than the
price T of each such unit, i.e. C. =T is equivalent with J. = 1. Similarly,
if the minimum profit threshold is P. = 0, the profit to extract each unit of
LEC must be positive which is equivalent with 6. = 1. Thus we can calculate
the supplemental thresholds if we substitute revenue R; in equations (3.4)
and (3.5) with the lignite price T" as shown in equations (3.6) and (3.7)

(3.6)
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(3.7)

Using the SPI with the minimum profit threshold accepts seams with
estimated profit per Gceal of energy equal to or greater than the minimum
profit threshold P, or

PAs,) > P. (3.8)

Using the SPI with the maximum cost threshold accepts seams with es-
timated cost per Gecal of energy equal to or less than the maximum cost
threshold C, or

Ci(sp) < C.. (3.9)

A minimum zero profit or a maximum cost equal to the lignite price T
are equivalent with 6. = 1. As such, the same seams would be rejected as not
profitable for mining. Greater minimum profit or less maximum cost both
are equivalent with 6. > 1.

3.3 Data and exploratory analysis

The data used in this part of the research are from the Mavropigi lignite
mine in Greece. The lignite reserves of Greece are estimated at 4.9 billion
tonnes, 3 billion of which are considered economically exploitable [4]. Most
deposits (2.6 billion tonnes) are located in the north of the country. To
date, only 30% of the total reserves have been extracted, and it is estimated
that the existing reserves will contribute to electric power generation for at
least 40 years. Lignite is supplied to seven power stations owned by the
Public Power Corporation (PPC), comprising 16 generating units with a
total installed capacity of 4802 MW. Greek lignite deposits usually have an
average total depth of 150 to 200 m, and they typically comprise alternating
seams of lignite and waste [4].

The case study comprises 10280 drill-hole core sample data from 341
vertical drill-holes provided by the PPC. For each lignite core segment the
data involve surface coordinates s,, starting and ending depth (above sea
level) z along the core sample, ash water-free content, and water content.
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The CO, content is provided for 3933 core samples (= 38.5% of all samples),
whereas the lower calorific value (LCV) is available for 4416 core samples
(~ 43.3%). Missing data for the LCV are estimated using the statistical
method of multiple linear regression [14]. Most of the 10 208 sampled lignite
cores were also analyzed for the determination of moisture [52, 51].

In this study, each drill-hole core sample is considered to contain lignite
if it has LCV value greater than 900 kcal/kg and combined ash and CO,
content less than 50%. Continuous lignite core-samples in the same drill-
hole are united in lignite seams. Between the lignite seams is the interburden
waste [52]. This method of identifying lignite seams and interburden differs
from the more complicated methodology used by PPC and doesn’t take into
account the technical limitations of the equipment [22]. The choice to use a
simplified method of seam classification was motivated by the differing fuel
quality specifications and equipment used by different power stations and
mining companies.

The minimum distance between nearest-neighbor drill holes varies from
22.5m to 610.1m with the average at 138.9m. The locations of the drill holes
and the mine surface limits are shown in Fig. 3.2. The map coordinates
(z;,y;) of the drill holes are normalized by subtracting the respective mean
and dividing by the standard deviation. The normalization is used to avoid
numerical instabilities due to very large distance values.

The mine of Mavropigi is divided in five sectors as shown in Fig. 3.2
according to exploitation plans made by the PPC. Each of these sectors
have individual values for the parameters of SPI of equation (3.3). The cost
parameters for each sector have been estimated by the PPC and are given
in Table 3.3. The estimation of the values takes into account the equipment,
the equipment’s distance from the belt conveyors, the sector’s distance from
the waste dump area, lignite storage yards and the pit bottom elevation as
given by the PPC. The precise estimation of these parameters is beyond the
scope of this thesis.

For all sectors it is assumed that lignite density is p; = 1.2 t/m?® and
interburden density is p,, = 1.8 t/m?®. The selling price of lignite is assumed
to be T'= 15 €/Gcal in this thesis and critical threshold is set as §, = 1.1.

The calorific content of the Mavropigi mine is estimated using spatial in-
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Sector ki kw Cey
€/t €/m* €/m?

S1 2.3 2.6
S2 1.3 1.2
S3 2.4 2.8
S4 1.4 1.2
S5 2.2 2.6

A~ s s

Table 3.3: Economic parameters of the Mavropigi mine sectors. The selling
price of lignite is T' = 15 €/Gcal and the assumed critical threshold is 6. =
1.1.

terpolation (based on regression kriging) and conditional simulations (based
on CDKC). More precisely, we estimate the lignite energy content per unit
of surface area (LEC area density in Gcal/m?), which is defined as follows

1

LEC(s,) =p Y diE, (3.10)

i=N(sp)

where E; is the LCV (Gcal/t) of lignite seam i, p; is the lignite density (1.2
t/m3), and d; is the thickness of seam 4 (m).

The calculations are performed with two data sets: the first includes all
lignite seams, whereas the second contains only seams that can be mined at
a profit, as determined by means of the extraction index I and the SPI as
explained in section 3.2.1. Both data sets comprise values from the 341 drill
holes with LCV information. Missing LCV values from the core samples are

filled in by means of multiple linear regression [52].

The basic statistics of both data sets are given in Table 3.4. SPI-corrected
data are based on a threshold 6. = 1.1. The SPI corrected data have lower
LEC area density because the area density depends on the summary of the
lignite seams below the investigated area unit as shown in equation (3.10).
As less profitable deeper seams are subtracted from the drill-hole, the number
of seams N'(s,) that contribute to the LEC area density becomes lower. The
SPI ensures that the revenue lost by rejecting those deep seams is less than
the cost to mine them. As such, while the revenue decreases, the mining cost

decreases more for a net profit increase.
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Figure 3.2: Positions of drill holes and mine boundaries (blue online) in
Mavropigi mine and the lines dividing the sectors (red lines)

Na balw regression

Statistics LEC area density Corrected LEC area density
Mean (Gcal/m?) 39.9 37.8
Median (Gcal/m?) 35.0 33.7
Standard deviation (Gcal/m?) 27.2 28.6

Minimum (Gcal/m?) 2.6 0

Maximum (Gcal/m?) 122.6 122.6
Skewness 0.7 0.63
Sample size 341 341

Table 3.4: Statistics of lignite energy content (LEC) area density and SPI-
corrected LEC area density (Gcal/m?) for Mavropigi mine. SPI-corrected
data are based on a threshold ¢, = 1.1.
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3.3.1 Spatial data analysis

Each set of data was fit with a linear trend model. The resulting fluctu-
ations were investigated for geometric anisotropy. In the absence of strong
anisotropy the isotropic variograms and the variogram models were estimated
for both detrended sets. The estimation method of regression kriging was

applied to estimate the reserves.

Trend model

The following linear trend surface is fitted to both data sets

My oo (Spi) = ao+a1 T +as s, i =1,..., N, (3.11)
where m, .. (sp;) is the mean LEC area density for drill-hole i, N = 341 is
the total number of drill-holes in the area of the mine, and z;,¥; are the
normalized coordinates. Table 3.5 lists the optimal parameters of the trend
model and the Pearson correlation coefficient (R) between the trend and the
data. Asshown in 3.5, the linear trend model fits both data sets well although
the unmodified data set performs slightly better than the SPI corrected data.
The difference in the correlation coefficient can be explained because the SPI
removes deeper seams from the drill holes altering the spatial distribution of
LEC area density.

Parameter LEC values SPI-corrected LEC values

ap (Geal/m?) 39.94 38.60

a1 (Geal/m?)  —18.57 17.62

as (Geal/m?) 0.73 1.80
R 0.70 0.66

Table 3.5: Optimal parameter values for the linear trend model (3.11). R is
the Pearson correlation coefficient between the data and the trend.

Anisotropy estimation

Both sets of detrended data were investigated for geometric anisotropy with
the maximum likelihood estimation method (MLE) to estimate the anisotropic
ratio and the direction of the anisotropy.
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At first directional experimental variograms with tolerance /4 rad were
estimated in four directions: 0,7/4,7/2,37/4. The variograms for the two
data sets are shown in figure 3.3. The directional variograms do not suggest

the presence of strong anisotropy.
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Figure 3.3: Experimental directional variograms (tolerance 7/4 rad) at the
directions 0,7/4,7/2,3m/4 for a) the PPC data and b) the SPI corrected

data.

The MLE was performed on the exponential anisotropic model of equa-
tion (3.12) to estimate the parameter vector 0 = {C, &, §,, ¢} that would
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maximize the likelihood L£(0;~(r))

T Tx T

2 Y cos
v (r) =02 [1- e\/(a) &)+ @) (3.12)

The nugget effect is ¢, the correlation length towards the horizontal x-

axis is &, towards the vertical y-axis is , and the direction of anisotropy is

¢. The ratio
p — é
&y

is the anisotropic ratio. Table 3.6 shows the estimated anisotropic ratio

(3.13)

and the direction of the anisotropy.

Data set p [0
LEC values 1.06 1.44
SPI-corrected LEC values 1.03 1.51

Table 3.6: Anisotropic ratio for both detrended data sets estimated with
MLE method. p is the anisotropic ratio estimated with MLE and ¢ is the
direction of the anisotropy in radians.

The MLE results are in agreement with investigation of the directional
empirical variograms with a tolerance of 7/4. Tt is evident that there’s no

strong anisotropy in either set and they can be considered isotropic.

Variogram analysis

The omnidirectional variograms of the LEC area density for both datasets
were estimated in the absence of strong anisotropy. The empirical variograms
are fitted to the Spartan model of equation (2.10) with nugget effect using
the weighted least squares (WLS) method [14, pp. 114-116]. In WLS the
objective function S is equal to the sum of the squared differences between
the empirical and model variograms, weighted by the number of pairs used

at the respective lag as shown in equation (3.14)

N

S=mn; > (y(s;) —A(s:)*i=1,..,N, (3.14)

=1
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where N is the total number of lags (25 in our case), y(s;) is the value of
the experimental variogram in distance s;, (s;) is the value of the variogram
model at distance s;, n; is the number of pairs in lag :.

The WLS emphasizes empirical variogram values that are based on larger
number of distance pairs. The resulting variograms (empirical and theoret-
ical) are in good agreement as shown in Fig. 3.4. The optimal Spartan

variogram parameters are listed in Table 3.7.
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Figure 3.4: Experimental (markers) and optimal SSRF (lines) variogram
models for the two LEC area density datasets. The horizontal axis repre-
sents normalized distances. The function v;,(r) (crosses for the empirical
variogram and dotted line for the SSRF model) corresponds to the SPI-
corrected LEC area density. whereas yppc(r) (filled circles for the empirical
variogram and dash-dot lines for the SSRF model) corresponds to the LEC
area density based on the mine’s pit bottom elevation as determined by PPC.
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SSRF parameters ~yppc(r)  Vspr(r)
T (Geal/m®)2  1.57-107 9.49 - 107

™ 2.00 —0.03
¢ 1.73 0.93
Co (Gceal/m?)? 93.46 100.12

Table 3.7: Optimal parameters of the SSRF variogram models for LEC area
density (yppc(r)) and SPI-corrected LEC area density (yspr(r)) data. The
estimation of parameters was based on weighted least squares. The length
parameter £ is non-dimensional because it is expressed in normalized coor-
dinates.

3.4 Regression kriging reserves estimation

The interpolation performance of the spatial models constructed in Sec-
tion 3.3.1 is tested by means of cross-validation analysis. Then, regression
kriging is used to generate maps of energy content and to estimate the total
energy content. In these calculations both the primary and the SPI-corrected
data are used. The uncertainty of the estimated energy content is investi-

gated using conditional simulation.

3.4.1 Cross-validation analysis of the spatial model

The method of leave-one-out cross-validation, described in Section 2.5 is
used to measure the performance of spatial models with respect to interpo-
lation [18]. In this method, we remove one of the LEC area density values
at a time, and we use regression kriging with the optimal SSRF variogram
model to estimate the missing value. This procedure is repeated for all the
sample points, and the estimates are finally compared with the respective
measurements at the drill holes. Common validation measures are listed in
Table 3.8. The mean error measures the bias of the estimates. The mean
absolute error and the root mean square error measure the overall deviation
between the estimates and the measured values. Pearson’s correlation coef-
ficient p is a measure of linear relation between the estimates and the true
values. For nonlinear dependence, Spearman’s ranked correlation coefficient

rg and Kendall’s 7 are also used.

The results of Table 3.8 show that kriging methods perform well for both
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Measure Model 1 Model 2

0 0.86 0.84
rs 0.86 0.84
- 0.69 0.66

ME ~0.19  —0.19

MAE 9.54 10.54
MaxAE  62.67 62.65
RMSE 13.97 15.28

Table 3.8: Validation measures for regression kriging. Model 1 refers to
the original data with SSRF variogram and Model 2 to SPI-corrected data
with SSRF variogram model. o is Pearson’s correlation coefficient, rg is
Spearman’s correlation coefficient, 7 is Kendall’s correlation coefficient, ME
is the mean error (Gcal/m?), MAE is the mean absolute error (Gcal/m?),
MaxAE is the maximum absolute error (Geal/m?) and RMSE is the root
mean square error (Gceal/m?).

data sets giving accurate spatial predictions. Kriging on the SPI-corrected
data gives slightly less accurate predictions according to LOOCV validation
measures. This is caused by the removal of deeper seems by the SPI that
changes the value distribution of the data.

3.4.2 Estimation of the total energy content

To visualize the distribution of energy content in the mine, we interpolate the
drill hole data by means of regression kriging and the spatial model defined in
Section 3.3.1. The interpolation grid consists of 232 x 245 rectangular cells
with size 19.5 m x 22.5 m (East-West x South-East). The generated maps of
LEC area density and kriging error shown in Figs. 3.5a and 3.5b respectively.
The map of LEC area density exhibits higher values in the northwest section
of the mine and considerably lower values in the southeast and the northern
tip of the mine. The uncertainty of the estimates, measured by the kriging
error standard deviation, is inversely proportional to the sampling density.
The northern tip and the southeastern end of the mine have relatively higher
uncertainty than other areas.

The LEC area density prediction for each kriging cell is based on the
drill-hole data evaluated by the SPI in order to determine their profitability.
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As such, the LEC area density map could be utilized by pit-limit optimiza-
tion algorithms, such as the Lerchs and Grossman algorithm [34], to better

evaluate the profitability of the blocks selected by the algorithm.

In order to estimate the total energy content, we use a coarser cell size
of 140.6 m x 140.2 m. This choice is guided by the mean distance between
neighboring drill holes which is 139 m. Each grid cell has a specified area A,
in the case of our grid A = 19712m?, and an estimated value X for the LEC
area density. To estimate the total energy content of the entire mine or a
select sector, it is straightforward to add the energy content of the cells that

comprise it, as shown in equation (3.15)

N
LEC =) AKX, (3.15)

i=1
where NN is the number of cells in the area of interest.

Thus, the energy content of the Mavropigi mine based on geological lignite
data and regression kriging is estimated at 353 Pcal (353 - 10° Gcal). The
energy content based on the SPI-corrected data, drops to 346 Pcal. Fig. 3.5¢
shows the LEC area density difference due to the SPI correction. This map
identifies specific areas of the mine where application of the SPI has more
impact. In table 3.9, the LEC for each individual sector is given for both
datasets.

Sector LECPPC LECSPI

Pcal Pcal
Sector 1 141 140
Sector 2 26 26
Sector 3 84 82
Sector 4 39 39
Sector 5 64 59

Table 3.9: Lignite energy content for each sector of Mavropigi mine for the
original data and the SPI corrected data.
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Figure 3.5: Regression kriging interpolation maps using orthogonal grid cells
of dimensions 19.5 m x 22.5 m. (a) Map of LEC area density in Mavropogi
mine based on geological lignite data. (b) Map of the kriging error standard
deviation. (c) Difference between LEC area density estimates based on the
original versus the SPI-corrected data.
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Moments & Quantiles Dataset 1 Dataset 2

X (Pcal) 353 346
ox (Peal) 19.0 19.9
x5y (Pcal) 310 300
Tos9 (Pcal) 397 390

Table 3.10: Simulation statistics. Dataset 1 corresponds to data without use
of the SPI while dataset 2 are the data corrected by the SPI. The following
symbols are used: X: average energy content; ox; standard deviation of
energy content; xsy: 5% percentile; zgs0,: 95% percentile

3.4.3 Assessment of energy content uncertainty

To assess the uncertainty of the energy content reserves and to provide re-
spective confidence levels, we use the CDKC simulation method described in
section 2.4. Five thousand constrained simulations are generated from the
joint Gaussian distribution using (i) the original (without SPI correction)
data and (ii) SPI-corrected data for conditioning. Further information about
the parameters of the SSRF model is presented in chapter 5.6.

Table 3.10 lists the simulation statistics for both datasets. As evidenced in
Table 3.10, the 90% confidence interval of the LEC without SPI correction is
estimated at 310-397 Pcal. Similarly, the respective LEC confidence interval
after SPI correction is estimated between 300-390 Pcal. Figure 3.6 shows the
histograms of LEC obtained from the simulations. The histograms involve

all realizations giving LEC values between the 5% and 95% percentiles.

3.5 Empirical equation for reserves correc-

tion

The SPI determines if the exploitation of a seam is profitable in comparison
with the threshold d. which is typically equal to one. A threshold value of
0. = 1 means that the mining of a seam at this location to be considered
profitable, its expected revenue must be at least equal to the expected costs to
mine it according to revenue and cost equations (3.2) and (3.3). Since the SPI

is a revenue to cost ratio, changes in the estimates of reserves are identical
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Figure 3.6: Histograms of energy content (Pcal) based on 5000 Monte Carlo
conditional simulations for (a) the original dataset and (b) the SPI-corrected
data. LEC values between the 5% and 95% percentile based on the 5000
simulations are shown.

if the revenue per Gceal decreases by 20% or if the mining costs increase
by 25% (1/1.25 = 0.8) due to price changes, environmental or technical
challenges, etc. since in both cases the same seams would be rejected as
non-profitable. The impact of financial conditions on the profitable energy
reserves can equivalently be investigated by directly evaluating the economic
factors or by means of equivalent changes in the threshold ¢.. For example,
0. = 1.25 represents an increase of the mining costs by 25% or a decrease
of the revenue by 20%. Thus, using the SPI with a critical threshold of
0. = 1.25 is equivalent to re-evaluating the SPI with the new cost-revenue
figures 7" = 0.8 T (or k], = 1.25 k,,, kj = 1.25 k;) and keeping ¢/ = 1.

To investigate the dependence of LEC on ¢., we generate nineteen dif-
ferent estimates of the profitable reserves with . ranging between 0.35 and
3.05. The difference of the estimated reserves (ERD) with SPI compared
to the estimated energy reserves without applying the SPI, is fitted to the
sigmoid function defined in equation (3.16)

by

In equation (3.16), ERD is the estimated reserves difference of the entire
mine or sector investigated, 0. is the critical threshold, b; is 100% and b, b3
are dimensionless shape parameters. The function of equation (3.16) is just
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one of the possible sigmoid functions that could be fit in the ERD results.

Since the bounds of the sectors are known, it is possible to estimate the
ERD for each specific sector or the entire mine. The difference (in %) of
the estimated reserves (ERD) compared to the estimated 354 Pcal of energy
reserves is shown in Fig. 3.7a. In Fig. 3.7b the ERD of Sector 3 is shown.
For the investigated sector, the lignine seams that are profitable to be mined
decrease rapidly as ¢, increases. An increase of d. to d. = 3 could render the
whole sector unprofitable.

As an example, consider a potential waste dump failure that necessitated
the deposition of waste material from sector 3 several kilometers further
than initially planned. Assume that this extra distance would increase the
sector’s cost coefficient kw, that addresses the cost of removing and dumping
the waste, by 4 €/t. Such cost increase would raise 0. to §. = 1.9. In this
hypothetical scenario, nearly 40% of the sector’s coal would be in seams that
would be unprofitable to mine. It should then be considered in medium term
planning whether it would be preferable and technically feasible to raise the
pit bottom elevation of the mine abandoning the deeper seams if the waste
dump failure could not be addressed.

The ERD model parameters for the Mavropigi mine and sector 3 were
calculated using the WLS method [14]. The ERD model parameters for
the limits of the 90% confidence intervals are calculated using WLS based
on 2000 simulations for each 6.. The estimated profitable energy reserves
are then fitted with the empirical model (3.16) to determine the optimal
parameters by, b3). The parameters are shown in Table 3.11. The scaling
parameter by is 100% because the percentile of the rejected energy content is
investigated. However, b; could be set equal to the total LEC (353 Pcal for

the entire mine, 84 Pcal for sector 3) if the difference in Pcal is investigated.

As can be seen in figure 3.7, although the parameters of Table 3.11 are the
best fit for the equation (3.16) the resulting empirical function still doesn’t
fit well the reserves difference or the limits for low values of §.. However the
inaccuracy has small impact on the reserves difference as the errors are small
(less than 5% of total LEC) in absolute value.

The empirical model allows fast estimates of the ERD due to changes of
.. For example, if the revenue per Geal sold is reduced by a third (i.e., if the
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Figure 3.7: Estimated difference of energy reserves versus 6. (markers) plot-
ted against the theoretical model of equation (3.16) (solid red line) for the
entire mine (100% is 353 Pcal) and for sector 3 (100% is 82 Pcal). The enve-
lope defining the 90% confidence interval based on 2000 simulations is also
shown (green online).

price T' is reduced by about 5 € per Gcal from 15 €/Gcal to 10 €/Gceal),
revenues are reduced to 2/3. Hence, a lignite seam is profitable under the new

conditions if it brings 373 = 1.5 more revenue (i.e., d, = 1.5) than initially

planned. Based on equation (3.16) the profitable reserves are reduced by
about 9% since 6, ~1.5.
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Using the ERD it easy to give an estimate of the reserves of the Mavropigi
mine depending on the price of the lignite instead of relying on reserves esti-
mates calculated with different prices. Hence, while the deposit of Mavropigi
is estimated to have reserves of 300 Pcal to 390 Pcal at the 90% confidence
level based on the prices suggested in Table 3.2, if the lignite price drops
to T=7.5 €/Gcal (6. = 2) the reserves of Mavropigi drop to 240 Pcal to
290 Pcal with 90% confidence.

Parameter Main Lower Upper Main(S3) Lower(S3) Upper(S3)

by 100% 100%  100% 100% 100% 100%
by 1.6 1.6 1.7 3.0 1.8 4.0
bs 2.8 3.1 2.6 2.1 3.0 1.7

Table 3.11: Parameters of the ERD sigmoid function model (3.16) used to
estimate changes in energy reserves. “Main” corresponds to the ERD pa-
rameters of the model based on the SPI-corrected dataset for the different
critical thresholds. “Lower” corresponds to the ERD parameters for the
function representing the lower limit of the 90% confidence interval, whereas
“Upper” corresponds to the ERD parameters for the upper limit. The param-
eters for Sector 3 are denoted as “Main(S3)”, “Lower(S3)” and “Upper(S3)”.
The confidence intervals are based on 2000 Monte Carlo simulations at each
investigated critical threshold.

3.5.1 ERD and gross mine profit

As discussed in section 3.2.3, the definition of the SPI makes it possible to
exchange the critical threshold d, with the maximum cost threshold C. or
the minimum profit threshold P, using equations (3.6) and (3.7) respec-
tively. Figure 3.8 shows the ERD according to the 19 different maximum
cost thresholds C. that correspond to the ERD of the 19 different ¢, used
in section 3.5, given lignite price T = 15 €/Gcal. As such the maximum
cost threshold C. ranges between 4.9 €/Gcal (equivalent of 6. = 3.05) and
42.9 €/Gcal (equivalent of §, = 0.35).

To fit a theoretical model to the 19 kriging estimates of section 3.5, first
we calculated the maximum cost threshold C\. that corresponds to each of
the 19 thresholds .. As explained in section 3.2.3, C, = 5—7;. Assuming lignite
price price T' = 15 €/Gcal, it is straightforward to calculate the maximum
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cost threshold C. for each of the 19 SPI thresholds d.. The kriging estimates
of reserves remain unchanged since as explained in section 3.2.3 the same

seams would be rejected whether we use d. or its equivalent C..

The 19 kriging estimates estimated of section 3.5 were fitted with the
theoretical model of equation (3.17). Parameter by represents the total LEC
in the area investigated regardless of profitablity. Parameters by, b3 are shape
parameters. The parameters of equation (3.17) for sector 3 and the entire
mine are shown in table 3.12. Equation (3.17) allows a fast but accurate
estimation for the reserves difference with different maximum cost thresholds

(ERDc).
1—|—erf<cl°b_b>] (3.17)

Coefficient Mine Sector 3

by (Pcal) 353 82
by 1.6 3.0
bs 2.8 2.1

ERDc(C.) — %

Table 3.12: Coefficients of equation (3.17) for the entire Mavropigi mine and
for Sector 3.

The red line in figure 3.8 shows the LEC that would be rejected as un-
profitable if the maximum mining cost allowed for mining a seam decreases.
For example, if the maximum cost threshold was 10 €/Gcal, the red line in
figure 3.8 shows that the seams that would be rejected as not profitable to
mine, would hold approximately 30 Pcal of energy content. With increased
maximum mining cost C, (more costly seams are permitted to be mined) a
greater part of the deposit is considered profitable to mine. Similarly with a
decrease of C,, only the less costly seams fulfil the condition of C(s) < C..
Thus, decreasing C, results in a smaller part of the deposit considered prof-
itable to mine.

Consider a small increase in the maximum cost threshold from a starting
C. = C (black vertical line in figure 3.9), equal to 6C', to C. = C'+6C (green
vertical line in figure 3.9). As such, a small part of the deposit JR, that
with maximum cost threshold C. = C' was considered unprofitable to mine,



78 CHAPTER 3. SPATIAL PROFITABILITY INDEX

x 10°

estimated difference of reserves (Gcal)
N

0 10 20 30 40 50
maximum Mining cost threshold (Euro/Gcal)

(a) Entire mine

:gx 10

[\

[}

(OF:

%]

g7t

&

88

S 5f

3

s 4

£ 3

©

B2

©

E1r

g 0 L + & +
0 10 20 30 40 50

maximum Mining cost threshold (Euro/Gcal)

(b) Sector 3

Figure 3.8: Estimated difference of energy reserves versus C, (markers) plot-
ted against the theoretical model of equation (3.17) (solid line) for the whole
mine and Sector 3, assuming lignite price T = 15 €/Gcal.

becomes profitable (marginally) as the less strict threshold C! = C + 6C
allows more costly seams to be considered reserves. This means that the
part of the reserves 0 R have a mining cost between C' and C + 6C since
they are only considered profitable if the maximum mining cost threshold
increases to C. = C' + §C and they are not considered profitable if it is just
c.=0C,.

As 0C' — 0 so does 0R — 0. Hence for a very small increase dC of the
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Figure 3.9: Estimated difference dR in the reserves of the Mavropigi mine
with an increase of the maximum mining cost threshold from C. = C to

Cl=C+6C.

maximum cost threshold from C,. = C to C. = C + dC, a very small part
of the deposit dR will become profitable. Thus, this part dR of the deposit
has a mining cost between C' and C' + dC', which can be considered to be C'
since dC' — 0. Hence the red line in figure 3.9 corresponds to the marginal
cost threshold C' at which the expected mining costs to mine this dR part of
the deposit equal the expected revenue from this dR, with the assumed cost
parameters kw, kl, Ce; and lignite price T' [51].

Since the ERDc line in Figure 3.9 corresponds to the mining costs, the
area below of the ERDc line corresponds to the total mining costs for all the
lignite seams from Mavropigi mine with given parameters kw, ki, C'e; and T

Equation (3.18) gives the total mining costs with the given cost parameters.

+o0o
MC = / dC - ERDc(C.,) (3.18)
0

In equation (3.18), MC is the total mining costs for extracting all the
lignite within the mine limits. Equation (3.18) can be used with the entire
mine or for individual sectors.
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In the case of the Mavropigi mine with assumed kw, kI, Ce; and T,
equation (3.18) gives MC=2.31 - 10° € for the entire mine and for sector 3,
MC=0.64-10° €. With the mining costs and total LEC estimated and given
the price per Geal, it is straightforward to estimate the total gross profit
(MP) with equation (3.19) where MP does not include taxes, depreciation,
etc. as

MP = (R — ERDc)T — MC (3.19)

where R is the estimated total LEC of the lignite deposit.

In the case of Mavropigi mine equation (3.19) gives MP=3.0-10° € and
for sector 3, MP=0.58-10° €. It is noted that the actual profit is significantly
lower than the total gross profit, since the LEC of the lignite that fulfils the
quality criteria of the stations is less than R, and the taxation, depreciation
as well as other costs have not been taken into account. As an example, using
a tax rate of 20% on the profits and that about 75% of the lignite would have
the quality characteristics required to be sent to the stations, the profit from
Mavropigi mine is expected at 1.3 - 10° €.

3.6 SPIl-based pit bottom elevation

In this section, the suggested changes to pit bottom elevation by using the SPI
will be presented. As explained in section 3.5, increasing the critical threshold
. causes progressively shallower seams to be rejected by the extraction index.
Thus, higher values of §. raise the pit bottom elevation for seams that can

be mined at a profit.

Six different . thresholds from the 19 investigated in section 3.5 are
presented to illustrate the progressive change in suggested pit bottom eleva-
tion. The scenarios selected have thresholds that range between o, = 0.35 to
0. = 2.6.

The maps in Fig. 3.10 show the suggested pit bottom elevation for the
different ¢, selected. The estimated bottom elevation does not incorporate
technical constraints reflecting slope restrictions and the presence of faults.
Parts of the mine that are rejected as holding no profitable lignite seams are
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in some cases in the interior of the mine area, not the borders, which would
complicate their exclusion. However, these maps can serve as a guideline to
quickly re-evaluate the profitability of lower benches in case of price changes.
Substantial changes to the pit bottom elevation based on the SPI-evaluated
seam profitability can be used to locate sectors that should be re-evaluated
using pit-limit optimization algorithms. For example, in the case of . =
2.6 in Fig. 3.10f, large parts of sector 5 of Mavropigi are rejected as non-
profitable, suggesting a re-evaluation of pit-limits or even a reconsideration
of whether the sector should be mined.

The above maps can be used to assist in designing subsequent phases of
the exploitation in case of revenue and cost fluctuations during the course of
the mine’s life along with technical considerations. For example, a 50% drop
in the price of coal during a period of 15 years from the original design, is
equivalent to raising the threshold to . = 2. In this scenario application of
the SPI would suggest a significant raise of the pit bottom elevation in the
south-western part of the mine in order to avoid mining seams the exploita-
tion of which is no longer profitable. However, an increase of the price of
energy and more efficient mining equipment that would be equivalent to the
threshold dropping to d. = 0.5 would make the exploitation of deep seams in

the western area of Mavropigi mine profitable.

3.7 Summary

In this section, the spatial profitability index (SPI) that locally compares
costs and revenue for individual lignite seams was defined. The SPI was
illustrated using drill-hole data for the Mavropigi lignite mine. The resulting
changes in the reserves due to different economic criteria, both globally and
in specific sectors of the mine were investigated using regression kriging.
The SPI is herein defined for multiseam geological structures, but it can be

extended to energy reserves with continuously varying distributions.

The SPI is a straightforward mathematical tool with spatial resolution
abilities that can assist in the medium term and long term planning of en-
ergy reserves exploitation conducted with pit-limit optimization algorithms.
It enables engineers to investigate changes of estimated energy reserves in
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various ¢, values. The bottom elevation shown does not account for technical

constraints.
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response to market price trends (such as the coal price drop between 2011
and 2016 [5]) or increased extraction and processing costs. For example, the
SPI can help to more effectively determine the total mining cost for sectors

or the entire mine.

The SPI allows identifying non-profitable or marginally profitable sectors
that can be designated for exploitation using non-continuous, cost-effective
methods. With regard to medium term mine planning, the SPI can help to
re-evaluate the exploitation of deep benches in response to changes in costs
or market prices by providing LEC density estimates based on economic
parameters. Thus, the SPI can assist block-evaluation algorithms in deter-
mining pit limits for different scenarios. If energy demand is expected to rise
or if there is a temporary need to increase revenue, the SPI can be used to
determine the most profitable areas for immediate exploitation.

Sigmoid model functions are proposed that can be used to quickly esti-
mate the change of profitable reserves under different economic scenarios and
can generate fast, accurate estimations of total mining costs for the entire
mine or for specific sectors. The advantage of this approach is that spatial
analysis needs to be performed only once to determine the model parameters;
following that initial step, the sigmoid functions can be used to investigate
different scenarios without repeating the detailed spatial analysis. As such,
the energy reserves of the mine can be given at any time depending on cur-
rent product prices instead of relying on analysis conducted several years ago

with possibly very different economic conditions.
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Chapter 4

Stochastic Local Interaction
Model

4.1 Introduction

In this chapter, the Stochastic Local Interaction (SLI) model will be reviewed.
This new method will be applied to three different case studies and its per-
formance will be compared with that of kriging methods. The first data set
investigated is the Mavropigi lignite energy content data from chapter 3. In
particular, we use the lignite data generated by application of the Spatial
Profitability Index (SPI) as described in Section 3.3. The second case study
involves a large dataset from Campbell county, Wyoming, in the Powder
River Basin of the USA. The third case study involves a non-Gaussian data
set which comprises grayscale pixel values from a digital image of the dwarf
planet Pluto. While the third dataset does not involve coal deposits, it is
employed in this thesis to investigate the performance of SLI methods in
non-gaussian datasets and compare it with the performance of kriging.

4.2 Review of SLI theory

The Stochastic Local Interaction(SLI) model, employs a local representation
which can improve the computational efficiency of spatial prediction for cor-
related data [29]. It is based on a joint probability density function which

85
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is defined by an energy functional that involves local interactions between
neighboring sites. The energy functional represents the ”probability cost”
for specific spatial configurations (patterns) of field values, and it does not
correspond to actual energy levels. This energy functional implements the
local interactions by means of kernel functions [2] with locally adaptive kernel
bandwidths. The SLI is expressed mathematically by means of the respective
precision matriz (i.e. the inverse of the covariance matrix). This represen-
tation leads to a semi-analytical expression for prediction of the values of
random fields. This prediction avoids the computationally costly inversion
of the covariance matrix required by kriging methods.

A kernel function is an integrable, non-negative function. For a func-
tion K (u) to be considered a kernel function, it must satisfy the following
requirements [2]:

e The function K(u) must be a non-negative and symmetric function
(K(—u) = K(u) for all values of u).

o [“K(u)du=1.

o If K(u) is a kernel function, so is the function K, (u) = AK (Au), VA >
0.

Based on the kernel property of K)(u) = AK(Au), if A is a linear weight,
kernels can be used as weighted functions in estimation techniques. Kernel

functions are often used in transformations as shown in equation (4.1).

T = / il K(t)f(t) (4.1)

t1

4.2.1 Notation

We use the following notation in relation with the SLI model. The sample
data are denoted by means of the vector X, which involves the field values
at the sample locations s;, where i = 1,..., N. The predictions are denoted
by the prediction vector Xsp which involves the unknown field values at the
prediction locations s,, where p =1,..., P.
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The pdf fx of a Gibbs SRF can be expressed in terms of an energy
functional H(Xj;6), where 6 is a set of model parameters as shown in equa-
tion (4.2)

e—H(XS;O)

fx(Xy;0) = 70

(4.2)

The constant Z(0) is called the partition function. It represents the nor-

—H(Xs;0)

malization factor of the pdf, obtained by integrating e over all possible

values of the data vector X, .

In order to define the local interactions in the energy functional, we need
to employ the kernel bandwidth which is related to the range of influence
of the kernel functions. The range of influence determines how far the in-
teractions spread around each point. Assume the sampling points s;, s;
with Euclidean distance r;; = ||s; —s,|| , where i,j = 1,..., N. The ker-
nel bandwidth for each data point of s;, where i = 1,..., N adapts to local
variations of the sampling pattern. The kernel bandwidth A is given by the
equation (4.3)

hi = Tz',k: iy (43)

The value h; represents the kernel bandwidth for the sampling point
s;. The model parameter p determines the local bandwidth. The distance
i, Tepresents the distance between the sampling point s; and it’s k-nearest
neighbor. The neighbor order k is usually chosen as 1 (nearest neighbor) for
infinitely supported kernels and as 2 (second nearest neighbor) for compactly
supported kernels [29].

If the normalized distance between the sampling points s;, s; is defined
as u; = r;;/h;, then kernel weights associated with each pair of points are

defined as shown in equation (4.4) [29].

)\i,j = K(Ui,j) (44)

Depending on the sampling grid, it is generally possible for the k-nearest
neighbor of s; to be the sample point s;, while the k-nearest neighbor of
s; could be a different sample point s;. In such a case h; # h;. As such,
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uj 7# g and Agj 7 Aji.

Examples of kernel functions are given in Table 4.1 [2]

Name Function
Triangular K (u) = (1 — |u]) - Lju<1(u)
Quadratic  K(u) = (1 —u?) - Ijy<1(uw)

Tricube K(u)=(1—u*)* Ly<i(u)
Exponential K(u) = exp(—|ul)
Gaussian K(u) = exp(—u?)

Table 4.1: Examples of Kernel functions [2]. The normalized distance is
u = r/h, where r is the Euclidean distance and h is the kernel bandwidth.
I4(u) is the indicator funtion of set A. I4(u) =1, if u € A and I4(u) = 0, if
u ¢ A.

If Gx(O) is any two-point function that depends on the the locations or
values of field X (O could be the distance between two points, the difference
between field values etc.) and h is the vector of the local bandwidths, we use

a local bandwidth extension over the network of sampling points [44]

_ S Y KijGx(0)
Ei\il Zjvd Ki,j

This notation will be used in relation with the SLI model in section 4.2.2.

(Gx(O0))y (4.5)

4.2.2 The SLI model

Consider a sample X, at the sample locations s;, where ¢ = 1,..., N. The

average of the square fluctuations is

So(X,) = % S —mx)? (4.6)

where mx is the mean of X.

The average of the square gradient in an Euclidean space of dimension d
is defined as

Sl(Xs§h) = d<x?j>h7 (47>
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where the field increments xz;; = x; — xj, i,j = 1,..., N refer to the

measured sample values at the sampling locations.

The average of the square curvature in an Euclidean space of dimension
d is defined as

S9(Xs;h) = ¢ <$12j>h — ¢y <x?j>h\/§ — 3 <x?j>2h, (4.8)

where the coefficients are given by ¢; = 4d(d + 2), ¢ = 2d(d — 1) and
c3 = d. The values of these coefficients are determined so that the respective
terms match the coefficients of the mean square curvature in the continuum

case as shown in [33].

For the SLI model, the energy functional Hx(Xjs;#), of equation (4.2) is
expressed as follows

1

[S()(Xs) + (1181 (XS, h) + CLQSQ(XS; h), ] (49)

where 0 = (mx, a1, as, A, i, k) is the SLI parameter vector, h is the vector
of the local bandwidths and my is the mean of the sample. The coefficients
a1, as control the relative contributions of the mean square gradient and mean
square curvature terms. The coefficient A controls the overall amplitude of
the fluctuations. Finally, u and k control the bandwidth values h as described
in section 4.2.1.

The joint pdf of the SLI model is determined by means of a specific energy
functional which is given in equation (4.9). This leads to a precision matrix
which is explicitly defined in terms of local interactions and thus avoids the
computationally costly covariance matrix inversion. The prediction is based
on maximizing the joint pdf of the data and the prediction point, which is

equivalent to minimizing the corresponding energy functional [29].

The energy functional is permissible if Hx(X;60) > 0 for all X,. This
condition ensures that the precision matrix, and thus its inverse, the covari-
ance matrix, are non-negative definite. As Sy and Sy are always non-negative,
provided that S > 0 a sufficient permissibility condition is a1, as, A > 0 [29].
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4.2.3 Precision matrix formulation

The energy functional of equation (4.9) can be equivalently expressed by

means of the precision matriz J(0) as follows:
1
Hx(X:6) = 5(X, = mx)"J(0) (X, — my). (4.10)

In equation (4.10), the symmetric precision matrix J(6) is given by the
following equation na pw brackets

J(0) = {% + aydd,(h) + as [CIJQ(h) — e J5(hvV2) — 03J4(2h)} } ,

(4.11)

where I is the identity matrix and J, (¢ = 1, ...,4) are network matrices that

1
A

are determined by the sampling pattern, the kernel function, and the kernel
bandwidths.

The elements of the network matrices are given by equation (4.12) below

[T(h))iy = =t j(hgs) = wij(hey) + iy > [win(ha) + wi(hgs)],  (4.12)

b=1

where hy = h, for ¢ = 1,2, hy = v2h and h, = 2h and the weights of the
network matrices are given by equation (4.13) below

Wi (hgi) = SR (S;L_sj)'

q;t

(4.13)

4.2.4 Model estimation

The SLI model of equation (4.9) requires the parameter vector § = (mx, a, as, A, u, k)
described in section 4.2.2. The parameter k for the k-nearest neighbor is set

to k = 1 for infinitely supported kernels and as k = 2 (second nearest neigh-

bor) for compactly supported kernels. The remaining model parameters need

to be estimated from the data.
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The expected value mx of the random field X is calculated from the mean
value of the sample. The optimal values for the remaining parameters ay, as, p
can be estimated by means of maximum likelihood estimation. Alternatively,
they can be estimated by minimizing the cross validation functional

N
i=1
where ;(0) is the SLI prediction at point s;, i = 1, - -+ , N using the tested

parameter vector 6 [29]. The parameter A controls the overall amplitude of
the fluctuations as normalizing parameter and has a value of

L+ adIy(h) + a3 [c1Ja(h) — 2J5(hv/2) — ¢3J4(2h)]

A= 4.1
s BNCRE)

where I is the identity matrix and J, (¢ = 1,...,4) are the network ma-

trices defined in section 4.2.3. The coefficients ¢y, c9, c3 are defined in sec-
tion 4.2.2.

We chose to use the method of minimizing the validation functional of
equation (4.14) because it is faster than MLE. The initial parameters ay, as, p
for the starting vector 6, used for the estimation of the SLI model parameter
vector 6 in this chapter were a; = 1,a, = 2, u = 1. The minimization of the
validation functional of equation (4.14) was performed using the function
fmincon of matlab 2012b.

4.2.5 Prediction with SLI

Assume that the prediction point s, is added to the sampling points. This
point is then inserted in the energy functional. Then, the mode (the most
probable value) of the joint pdf with the prediction point inserted is deter-
mined by finding the value of the predictand that maximizes the joint pdf.
The calculations can be carried out analytically and they lead to the following
mode prediction equation

by — S TO) i = ma) o

Jp,p
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In equation (4.16), &, represents the prediction, (z; —m,) is the fluctu-
ation at the location s; and J; ,, J,,, represent the elements of the precision
matrix. The elements that involve the prediction point are given by the
following equations [29]

[J(hy)]pp = Z [wip(hgi) + upi(hgp)l, Vp=1,.... P (4.17)

[J(hq)]i,p = — [ui,p(hq;i) + up7i(hq;p)] y \V/p = ]_, ceey PandVi= 1, ceey N

(4.18)
The weights used in the precision matrices are given by the following
expressions
K <_Sh;51>
ui’j(hq;i) - N N K (sizsi N K (sise N K (si=se ’
2im1 Zj:l (K) + 2 i (K) + i (m)
(4.19)
and
w(52)
Up.j(hgp) =

N N S;—Sj N S;—Sp N S;—Sp '
Zi:l Zj:l K (K) + Zi:l K <K> + Zi:l K <h_>

9P

(4.20)

4.3 Case study of Mavropigi mine

In this section SLI is applied to the LEC area density drill-hole data from
Mavropigi. The lignite data were evaluated using the Spatial Profitability
Index (SPI) with a critical threshold of §. = 1.1, as explained in chapter
3. The resulting LEC reserves and the validation measures of section 2.5.1
will be compared with the RK estimation of section 3.4. The validation
measures for the two methods are obtained with LOOCYV and the reserves
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are estimated using a grid with 232 x 245 rectangular cells of section 3.4.2.
The time needed for to make the prediction map with both methods will also
be compared. A linear trend model has been removed from the data used for
kriging as explained in section 3.3.1. The SLI methodology does not assume
stationarity hence there is no need to remove a trend model from the data
set used by the SLI. As such, we use detrended data for kriging and the data

without removing trend for SLI.

4.3.1 Optimal kernel selection

In order to select the optimal kernel for the SLI model, all kernel functions
defined in Table 4.1 were tested by means of LVO cross-validation. The
parameters of the resulting SLI models are shown in Table 4.2. The resulting
validation measures for the SLI predictions at the 341 locations of the data
obtained with each kernel are shown in Table 4.3.

To compare the computational time required (using matlab 2012b) for the
prediction by each kernel and the energy content of the mine, the resulting
SLI models for all kernels were tested on the prediction grid used for krig-
ing in section 3.4. The prediction grid includes 20497 prediction locations.
The required time and the reserves estimation for each kernel is included in
Table 4.3.

Kernel a as i A h (m) Ay, (m)
Triangular ~ 138.99 160.16 1.79 6655 315.48  303.59
Exponential  6.15 15.68 0.50 275.58  69.83 65.35

Gaussian 105.67 178.50 1.17 6423.28 161.85 151.47
Quadratic 125.73 168.65 1.56 6932.66 276.21  265.80
Tricube 43.99 61.28 2.06 2953.00 363.83 350.12

Table 4.2: Parameters of SLI for the tested kernels. 5 is the mean bandwidth
and h,, is the median of the bandwidth

It is evident from Table 4.3 that all kernels perform similarly well. How-
ever, the exponential and Gaussian kernels are faster and have slightly bet-
ter validation measures. The data are accurately estimated by means of
the Gaussian kernel using LVO cross-validation. However, when the SLI is
applied to the prediction grid using the Gaussian kernel, a few exception-
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Measure Trian Expo Gaussian Quad Tric
0 0.83 0.84 0.84 0.83 0.83
rs 0.83 0.84 0.84 0.83 0.83
T 0.65 0.66 0.65 0.65 0.65
ME (Gcal/m?) -0.47  -0.66 -0.66 -0.48 -0.48

MAE (Gcal/m?) 10.70  10.59 10.55 10.68 10.72
MaxAE (Gcal/m?) 76.07 68.72 72.33 82.05 73.36
RMSE (Geal/m?) 1571 1534 1535 1571 15.70
Time (s) 11.08 6.68 9.80 12.01 12.80
Reserves (Pcal) 349 355 405 346 349

Table 4.3: Validation measures of SLI for different kernel functions, using
LVO cross-validation. Time needed and reserves estimated are included. p
is Pearson’s correlation coefficient, rg is Spearman’s correlation coefficient, 7
is Kendall’s correlation coefficient, ME is the mean error, MAE is the mean
absolute error, MaxAE is the maximum absolute error and RMSE is the root
mean square error. Trian represents the triangular kernel function, Expo the
exponential kernel function, Quad the quadratic kernel function and Tric the
tricubic kernel function.

ally high values occur at some of the prediction points. Out of the 20497
prediction points, 57 have estimated LEC density values that exceed 367.73
Gcal/m? which is three times higher than the maximum LEC density value
present in the data (122.57 Gcal/m?). This happens because the Gaussian
kernel is more sensitive to rapid data value fluctuations introduced by the
faults or the SPI. These few outliers give a higher than expected estimate of
reserves. winsorizing, Robust Kriging, Cressie

Based on the fact that the exponential kernel gives better maximum ab-
solute error and is faster than the Gaussian kernel and exhibits more stable
performance at the grid locations, we chose chose to use the exponential
kernel in the comparisons between the SLI and kriging.

4.3.2 Method comparisons

The exponential kernel (defined in Table 4.1) with the optimal parameters
shown in Table 4.2 was chosen for the application of the SLI model. Using
this kernel, the reserves are estimated at 355 Pcal with the SLI compared to
the 341 Pcal estimate obtained by kriging as discussed in section 3.4.
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Figure 4.1: Histogram of the SLI bandwidth for the exponential kernel, ob-
tained for the Mavropigi mine data set using k=1 for the k-nearest neighbor.

The bandwidth histogram is shown in figure 4.1. The isolated high values
are depended on the few isolated drill-holes of Mavropigi mine, as shown in
figure 3.2. The minimum distance between nearest-neighbor drill holes varies
from 22.5m to 610.1m in Mavropigi mine as explained in section 3.3. The
SLI parameter p adjusts the kernel bandwidth as shown in equation (4.3).
With the parameter © = 0.5 and k& = 1 for the k-nearest neighbor, the
kernel bandwidth is half the distance from the investigated drill hole to its
nearest-neighbor.

The maps created by means of the two estimation methods are shown
in figure 4.2. The validation measures are compared in Table 4.4. The
validation measures, maps and predictions of reserves are very similar for
both methods.

As shown in the Table 3.4, the LEC area density of the corrected by the
SPI data of Mavropigi is between 0 and 122.6 Gcal/m? with a mean value
of 37.8 Geal/m?. The very low values of the mean error shows that neither
method shows a significant bias. The mean absolute error and the root mean
square error are also significantly lower than the mean LEC area density
value. The value of Kendal’s 7 rank correlation coefficient is satisfactory.
Both Pearson’s correlation coefficient ¢ and Spearman’s rank correlation co-
efficient rg are at 84%, which is considered very strong correlation.
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Figure 4.2: Interpolation maps of the LEC area density in Mavropigi mine
using SPI with a critical threshold 6. = 1.1. (a) Kriging map (b) SLI map.

Furthermore, SLI requires half the computational time required by kriging
for the estimation. Kriging uses a user-defined neighborhood radius of 640m
for each grid location to create the required covariance matrix, while SLI
uses the entire mine to make the precision matrix.

Measure SLI  Kriging
0 0.84 0.84
rs 0.84 0.84
T 0.66 0.66

ME (Gcal/m?)  —0.66 —0.19
MAE (Geal/m?) 1059  10.54
MaxAE (Gcal/m?) 68.72  62.65
RMSE (Gcal/m?) 15.34  15.28
Time (s) 6.7 13.6

Table 4.4: Validation measures for the estimations with SLI compared to
Regression Kriging. o is Pearson’s correlation coefficient, rg is Spearman’s
correlation coefficient, 7 is Kendall’s correlation coefficient, ME is the mean
error, MAE is the mean absolute error, MaxAE is the maximum absolute
error and RMSE is the root mean square error.
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Figure 4.3: Power River Basin location in southeast Montana and northeast
Wyoming, in the USA. The Campbell county is surrounded by the red line.

4.4 Coal reserves estimation in Campbell county

The second case study examined is a large dataset from Campbell county,
Wyoming, in the Powder River Basin of the USA. The Powder River Basin,
shown in figure 4.3, is a geologic structural basin in southeast Montana and
northeast Wyoming known for its rich coal deposits. In 2007, the Powder
River Basin produced 396 million tonnes of coal. Campbell county lies en-
tirely inside the basin and covers 13,400 km?. The estimated coal deposits in
the county amount to about 117 Gt. The Black Thunder Coal Mine and the
North Antelope Rochelle Mine, the two largest coal mines in the world are
located in Campbell county. North Antelope Rochelle Mine produced 101
Mt of coal in 2013 and Black Thunder Coal Mine produced 92Mt of coal in
the same year [3].

The data comprise the total coal seam thickness at 12,951 locations as
shown in fig. 4.4. The normal probability plot of the reserves is shown in
fig. 4.5 and were collected by the United States geological society (USGS).
The median distance from one drill hole to its nearest neighbor is 462 m.
However, as evidenced in fig. 4.4, this distance is shorter in some areas,
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Figure 4.4: Drill hole locations in Campbell county, Wyoming. Locations
above the dotted line belong to area 1 and locations below the dashed line
belong to area 2. There is a 7% overlap between the two areas.

which coincide with the areas of the mining activity. The normal probabilty
plot of the Campbell county data is presented in fig. 4.5. As evidenced, the
distribution of the data (blue dots) deviate from the normal distribution (red
line) below the 10% quantile and above the 90% quantile. The data from
Campbell county are considered sufficiently close to the normal distribution.

4.4.1 Coal reserves estimation with SLI

The SLI model was used in the dataset of the Campbell county to estimate
the total coal seam thickness over a dense square grid composed of 1338 cells
by 653 cells, with each cell having a side length of 125 m. Consequently,
the value of the total coal seam thickness is estimated at 873714 locations.
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Figure 4.5: Normal probability plot of the coal data. The data (blue dots)
are sorted along the X-axis according to value. The Y-axis represents the
quantiles. The red line represents the theoretical normal distribution.

Due to the size of the grid and the dataset, the data for Campbell county
were broken up in two neighborhoods, Northern and Southern, as shown in
figure 4.4. The two neighborhoods overlap over a 7% of the entire county
area. The average of the two predictions was used as the estimation for the
locations that are contained in both areas.

SLI was tested using the kernel function of equation (4.21). The predic-
tion map of coal thickness is shown in figure 4.7. The reserves are estimated
at 117 Gt of coal. The SLI parameters for the two neighborhoods are shown
in Table 4.5. The histograms of the kernel bandwidths for both neighbor-
hoods are shown in figure 4.6. In both cases, the mode of the distribution of
the bandwidths has value close to the meian distance from one drill hole to

its nearest neighbor.

K(u) = exp(—u®T). (4.21)
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model parameters Area 1 Area 2

) 1.95 0094
a1 551 7.42
as 16.25  16.35
n 0.50  0.50

Table 4.5: SLI parameters of equation 4.9 for the two neighborhoods of the
Campbell county
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Figure 4.6: Histogram of the bandwidth for Campbell county (a) Area 1 (b)
Area 2

4.4.2 Coal prediction with kriging

The Campbell county data set of coal thickness at 12951 locations was mod-
eled with regression kriging, explained in section 2.2.4. The coordinates of
the locations were normalized as in section 3.3. The Campbell county lies
in a geological basin as noted in 4.4. Coal seam thickness is expected to be
affected by the shape of the basin over long distances which can be modelled
with a trend model. A quadratic trend model following equation (4.22) was
removed from the data. The trend coefficients are shown in Table 4.6. The
SSRF variogram model was fitted to the experimental variogram of the fluc-
tuations using the WLS method [14]. The experimental variogram and the
SSRF model are presented in figure 4.8. The parameters of the variogram
are given in Table 4.7.

mE(sp,i) = agp + a; i‘l + as 3]1 + asg .i'? + ay QZZ + as ii’zgl, = 1, .. .,N (422)
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Figure 4.7: SLI map for coal seam thickness (m) in Campbell county,
Wyoming in the USA.

Qo ay as as ag as R
1148 —-4.75 —-0.41 -282 —-0.70 —-1.89 0.59

Table 4.6: Optimal parameter values ayg, . . ., a5 for the quadratic trend model
of equation (4.22). R is the Pearson correlation coefficient between the data
and the trend.

Using the variogram and trend parameters estimated and a kriging neigh-
borhood of 7138 m, the kriging estimation map of figure 4.9 was made. The
choice of the kriging neighborhood radius was motivated by the correlation
length of the SSRF variogram of Table 4.7 and cross-validation performance
using different ranges. The grid used is the same with the SLI interpolation
grid in 4.4.1, with 1338 by 653 cells. The estimated coal reserves are 109 Gt.
The reserves are estimated by multiplying the prediction of the cell total coal
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thickness by the cell area (15625 m?) for all cells.

m (m*)  m & (m) Co(m?)
4347 -1.84 6726 449

Table 4.7: SSRF variogram model parameters

variogram (m2)

0 0.2 0.4 0.6 0.8 1
normalized distance

Figure 4.8: SSRF variogram model (equation (2.10)) for coal seam thickness
(m) in Campbell county (line) and experimental variogram values (circles).
The model parameters are in Table 4.7.

4.4.3 Method comparisons

Using LOOCYV on the data, the validation measures presented in section 2.5.1
for SLI and kriging are calculated and the results are shown in Table 4.8.
The validation measures, maps and predictions of reserves are very close for
both methods as in the case of the Mavropigi mine of section 4.3.2.

The values of the thickness field are estimated at nearly 900 - 10? points,
which requires significant computational time. SLI requires approximately
an hour and half for the prediction while kriging requires over two and a
half hours . While SLI requires approximately one hour less than kriging
it has similarly good validation measures as shown in Table 4.8. Regression
kriging also requires detrending of the data, variogram estimation and fitting
as well as investigation for the optimal kriging neighborhood. It should be
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Figure 4.9: Regression kriging interpolation map for coal seam thickness (m)
in Campbell county, Wyoming in the USA.

noted that the time requirements for the estimation of the optimal kriging
neighborhood, trend model and variography are not included in Table 4.8.

As shown in figure 4.5, the dataset of Campbell county coal seam thick-
ness are closer to the normal distribution than the data from th Mavropigi
mine. Since kriging is the best linear unbiased estimator for Gaussian data
[14, 39, 23], the close performance of the SLI in shorted computational time
shows the significance of the method.
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Measure  SLI Kriging
0 0.80  0.77
rs 0.72  0.74
MAE (m) 23 20
RMSE (m) 3.1 3.0
Time (h) 1.4 2.6

Table 4.8: Leave-one-out cross-validation measures for the estimations with
SLI compared to Regression Kriging for the coal reserves of Campbell county.
o is Pearson’s correlation coefficient, rg is Spearman’s correlation coefficient
MAE is the mean absolute error and RMSE is the root mean square error.
Time is the time required for the prediction.

4.5 Grayscale image of Pluto

The third case investigated does not follow the normal distribution. The
data are part of a grayscale digital image of the dwarf planet Pluto. The full
image (fig. 4.10) is 88 by 88 pixels (7744 pixels). The data correspond to
discrete values of intensity ranging from zs = 0 to x; = 255. The histogram
of these values diverges significantly from the normal distribution evidenced
in the histogram of figure 4.11. This data set was investigated to compare
SLI prediction with kriging on non-Gaussian datasets of discrete values.

Figure 4.10: Image of the dwarf planet Pluto, 88 by 88 pixels.

We selected 1535 points (20%) from the original data as the training set.
818 of these were randomly selected, while the other half are points that the
intensity Laplacian L, = V?z, has a magnitude that exceeds the threshold
value of L. = 30. Values of L, < 0 are set to 0 and values of L, > 255 are set
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Figure 4.11: Histogram of the Pluto intensity values.

equal to 255 before the threshold is tested. These points have significantly
different values from their neighbors. The threshold was chosen so that close
to half the training set would be comprised by these points designated as
significant with edge detection. The remaining 727 data points of the training
set were randomly selected. The resulting training data set image is shown
in figure 4.12 and the histogram of the Laplacian is shown in figure 4.13.

Figure 4.12: Image of the Training set, containing 20% of the pixels from the
original Pluto image.



106 CHAPTER 4. STOCHASTIC LOCAL INTERACTION MODEL

70071
60071
5007
400}
30071
20071

100
0 !

0 50 100 150 200 250

Figure 4.13: Histogram of the Laplacian L, = V?z, of the intensity values
xs of the entire Pluto image of figure 4.10. Values of L; < 0 are set to 0 and
values of Ly > 255 are set equal to 255.

4.5.1 Grayscale prediction with SLI

In order to estimate the missing values of the Pluto image using the SLI
model, the tricube kernel (table 4.1) was chosen. The model was applied on
the missing data image of figure 4.12. The SLI model parameters are given
in table 4.9 and the histogram of the bandwidths is given in figure 4.14. The
reconstructed image based on the 1560 training points is shown in figure 4.15.

A ay ao 1
17124 59.7 191.0 1.65

Table 4.9: Parameters of the SLI model used for the Pluto image reconstruc-
tion.

4.5.2 Grayscale prediction with kriging

Ordinary kriging was used in the training set from the digital Pluto image
of 1560 pixels of section 4.5 to estimate the 6 184 missing values. The same
training set used for reconstruction with SLI was used. The SSRF vari-
ogram model was fit on the experimental variogram of the 1560 values of the
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Figure 4.14: Histogram of bandwidths for the Pluto image.

Figure 4.15: Pluto image reconstructed by the SLI model with the parameters
of Table 4.2 and the tricube kernel.

dataset using the WLS method. The experimental variogram and the SSRF
variogram model fitted to the data are shown in figure 4.16. The parame-
ters of the variogram are given in Table 4.10. The kriging neighborhood was
chosen at a 29 pixels. The recreated image from the 1560 data points and
the OK is shown in fig 4.17.

7o Ui §
69481 -1.94 1.1332

Table 4.10: SSRF variogram model parameters fit on Pluto image training
set.
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Figure 4.16: SSRF variogram model (equation (2.10), line) and experimental
variorgram (circles) for pixel grayscale intensity for the training set of Pluto.
The model parameters are in Table 4.10.

Figure 4.17: Pluto image recreated by ordinary kriging

4.5.3 Method comparisons

The validation measures for the predicted values of the test set (6 184 pixels)
are shown in Table 4.11. SLI gives evidently better predictions for the missing
data of this non-Gaussian dataset as can be seen from Table 4.11 but also
from the visualization of the reconstructions in figures 4.17 and 4.15. SLI
also requires less computational time, 74 seconds instead of 146 for ordinary
kriging.
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Measure  SLI Kriging
0 099  0.85
MAE (m) 7.6 36.4
RMSE (m) 13.0 45.8
Time (s) 74 146

Table 4.11: Validation measures for the predictions of the 6 184 missing points
with the SLI model compared to ordinary kriging for the reconstruction of
the Pluto image based on the 1560 data points. p is Pearson’s correlation co-
efficient, MAE is the mean absolute error and RMSE is the root mean square
error. Time refers to the computational time required for the reconstruction.

4.6 Summary

We have compared the recently proposed SLI method with kriging using di-
verse data including data from coal mines. Based on our studies, we conclude
that the SLI method yields similar, and at times better, results to kriging.
At the same time, the computational time required by SLI is considerably
less than that required by kriging. This gives SLI an advantage over kriging,

especially if many exploitation scenarios need to be generated and studied.

If the distribution of the data values is close to the normal distribution
(like the data of Campbell county in section 4.4), SLI performs nearly as
well as kriging. If the distribution deviates from the normal distribution
(like the data from Mavropigi lignite mine), kriging estimations become less
accurate. In the case of Mavropigi mine, SLI gives as reliable estimations
as kriging. Finally, in cases where the distribution of the data is not even
approximately close to the normal distribution (like the data from the Pluto
image of section 4.5), SLI performs significantly better than kriging methods.

SLI models are faster than kriging methods since the precision matrix is
generated by construction and in contrast with kriging the inversion of the
covariance matrix is not required, unless one is interested in estimating the

prediction uncertainty.
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Chapter 5

Simulations

5.1 Introduction

For the Mavropigi mine in Northern Greece, we have estimated the lignite
energy content (LEC) in chapter 3 using regression kriging over drill-hole
data evaluated with the Spatial Profitability Index (SPI). To assess the un-
certainty of the estimation for the reserves estimated in section 3.4, we used
a conditional simulation method. Conditional simulation methods assume a
given dataset D and a set of grid locations G where the values of the ran-
dom field X need to be simulated. The method used is based on covariance
decomposition combined with kriging conditioning (CDKC) [57]. CDKC is
explained in section 2.4. The results of the uncertainty assessment for the
reserves are discussed in 3.4.3. This chapter presents different approaches
investigated than the one used in chapter 3.

The LEC area density is strictly non-negative. Nevertheless, the CDKC
generates a few negative values in each realization, which have no physical
meaning. Different transformations of data or the resulting simulation results
were tested in an attempt to address this problem. This chapter explains the
transformations tested for the original, not-SPI corrected data and includes
alternative transformations for the data-set. The method that was eventu-
ally used in chapter 3 which was using the unmodified simulation results, is
explained in section 3.4.3.

111
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5.2 Tested transformations

The simulation method used for the conditional simulation of the Mavropigi
drill-hole data was the method of covariance decomposition with kriging
conditioning (CDKC). This method is presented in Section 2.4. Using the
original (without SPI correction) data for conditioning, CDKC simulation
generates a few negative values in each realization, which have no physical
meaning. To address this problem different transformations of data or the

resulting simulation results were tested.

Setting the negative LEC values of the simulation artificially to zero adds
a positive bias in the estimated reserves. To address this problem, the data
were transformed by applying two symmetrizing transformations; the natural
logarithm and the square root of the LEC area density were tested. Both
transformations overcome the problem of negative LEC area density values
as the reverse transformation of the LEC area density of either gives only
positive values.

After applying the transformations on the data, a linear trend is removed

to obtain the fluctuations as shown in equation (5.1)

mLEC(Sm):aO—{—ali:i—i—aggji, izl,...,N, (51)

where m, . (sp;) is the mean LEC area density for drill-hole i, N = 341 is the
total number of drill-holes in the area of the mine, and Z;, 7; are the normal-
ized coordinates. The coefficients of the trend for all three transformations

are given in Table 5.1.

Parameter X VX In(X)

ap 39.94 9.93 3.30
ap —18.57 —1.57 —0.58
s 0.73 0.08  38.60
R 0.70 0.73 0.73

Table 5.1: Optimal parameter values for the linear trend model (5.1) for the
non-transformed and transformed data. X: Non-transformed data (lignite
energy content); VX Square root transform of the data; In(X): Logarithmic
transform of the data. R is the Pearson correlation coefficient between the
data and the trend.
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5.2.1 Regression kriging on the transformed data sets

The transformations of section 5.2 produce two data sets of transformed LEC
area density data. The CDKC method is explained in section 2.4. The first
step of CDKC is to estimate the covariance model C(r) from the data set
D. The exponential variogram model presented in section 2.2.2 was used
for both transformations and for the original, non-transformed, data set for
comparison. The distances are normalized as explained in section 3.3 and
the variogram model is fitted on the experimental variogram using WLS.
Table 5.2 lists the parameters of the exponential variogram models for the
non-transformed and the transformed data.

Variogram parameters X VX In(X)
Correlated variance o 345.82 2.06  0.26
Correlation length & 0.81 0.81 0.81
Nugget variance Cj 53.91 0.28 0.016

Table 5.2: Exponential variogram model parameters for the non-transformed
and transformed data. X: Non-transformed data (lignite energy content);
Vv X Square root transform of the data; In(X): Logarithmic transform of the
data.

The second step is to use kriging on the grid locations (set GG) to obtain
the kriging estimates vector X(G) to form the vector X(S) = {X(D)UX(G)}
of the simulation set S. Regression Kriging (RK) was used for all three data
sets. RK was performed on a grid with cell size of 140.6 m x 140.2 m. This
cell size choice is guided by the mean distance between neighboring drill
holes which is 139 m as explained in section 3.4.2. The estimated LEC area
density for each data set is obtained by (i) adding the trend to the predicted

fluctuations and (ii) reversing the symmetrizing transformation.

The performance of RK on the transformed data sets was validated before
employing them for simulations. Leave-one-out cross-validation was used
for the validation measures presented in Table 5.3. The best correlation
coefficients are obtained using the square-root transformation which yields
an estimate of 347 Pcal. The other two data sets, however, yield similar

estimates.
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Statistic X VX InX)
Energy content (Pcal) 353 347 340
Pearson’s o 0.855 0.859 0.818
Spearman’s rg 0.861 0.863 0.857
Kendall’s 7 0.682 0.682 0.673

Table 5.3: Energy content for Mavropigi mine estimated with Regression
Kriging and cross-validation correlation coefficients for the three data sets of
section 5.2. X: Non-transformed data (lignite energy content); VX Square
root transform of the data; In(X): Logarithmic transform of the data.

5.3 Conditional simulations

The transformations of section 5.2 perform similarly well when used in RK,
as explained in section 5.2.1. As such, Ng = 5000 conditional simulations
of the fluctuations are generated with CDKC [57] for each transformation to

assess the uncertainty of the LEC reserves prediction for each.

As explained in section 2.4, the simulation set S is S = D U G, with D
the data set and G the set of the grid locations where the values of the LEC
area density need to be simulated. The selected grid has cell size of 140.6 m
x 140.2 m. In section 5.2.1 we have obtained the vector X(S) for all three
data sets.

The next step of CDKC is to construct the covariance matrix Cyx for the
points in S. The square root decomposition A of Cx was evaluated, i.e.,
Cx =ATA.

We generated 5000 random vectors u;,2 = 1,--- , 5000 from the standard
(zero mean, unit variance) normal distribution N(0,1). The length of u; was
equal to the number of points in S. From these vectors u, 5 000 unconstrained

simulations were generated as X* = A u.

We used the unconstrained simulation values X"(D) as data for a second
application of kriging, which generated 5000 interpolated vectors X“(G)
The vectors X*(S) = {X“(D)UX*(G)} was subsequently constructed. Each
constrained realization on S was generated by the equation

X = X"+ X — X"

For the two transformations, the estimated LEC area density for each
simulation is obtained by (i) adding the trend to the simulated fluctuations
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Figure 5.1: Histograms of exponential variogram parameters based on 5000
Monte Carlo conditional simulations of the square root transformation of
LEC data. For each simulation, the model parameters were obtained by
fitting the model to the experimental variogram using WLS.
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Figure 5.2: Histograms of exponential variogram parameters based on 5000
Monte Carlo conditional simulations of the logarithmic transformation of
LEC data. For each simulation, the model parameters were obtained by
fitting the model to the experimental variogram using WLS.

and (ii) reversing the symmetrizing transformation. For the non-transformed
data, the estimated LEC area density for each simulation is obtained by (i)
adding the trend to the simulated fluctuations and (ii) changing negative

values of LEC area density to zero.

The exponential variogram model was used for kriging. For each simu-
lated realization, the parameters of the variogram model were obtained by
fitting the model to the respective experimental variogram using WLS. The
histograms of the exponential variogram parameters obtained from the sim-
ulated realizations are shown in Figs. 5.1-5.3.

These parameters were used in RK interpolation to estimate the energy
content for each of the 5000 simulations. For all three datasets, the corre-
lation lengths are similar for the majority of the simulations. Zero nugget
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Figure 5.3: Histograms of exponential variogram parameters based on 5000
Monte Carlo conditional simulations of the non-trasnformed LEC data. For
each simulation, the model parameters were obtained by fitting the model to
the experimental variogram using WLS.

variance is estimated for many of the simulated states, especially for the
logarithmically transformed data.

5.4 Simulated energy content reserves

The RK interpolations of section 5.3 were used to estimate the energy content
for each of the 5000 simulations. To obtain the reserves from the grid for
each realization for the three data sets, the following procedure was used.Each
grid cell has a specified area A, in the case of our grid A = 19712m?, and a
simulated value X for the LEC area density. Multiplying the area with the
simulated value of the LEC area density, the LEC for each cell is obtained.
The sum of all the cells gives the LEC reserves for the mine for each real-
ization. CDCK was also used on the non-transformed data and the negative

LEC area density values were changed to zero.

The normal probability plots of the resulting LEC reserves are shown in
figure 5.4. It can be seen from figure 5.4b that the reverse transformation of
the logarithm can give significantly higher reserves estimates than the other
two methods. Subfigure 5.4c presents the normal probability plot of the
simulations before the artificial changing of negative results to zero.



5.5. ANALYSIS OF RESERVES SIMULATION RESULTS 117

0.997 0.997
> 0.95 > 0.95
P pu
8 0.25 8 025
® 005 ® 005
0.003 0.003
3 4 5 4 6 8
Data % 108 Data % 10°
(a) square root transformation (b) logarithm transformation
/';r
0.997}
> 0.95¢
o
S 0.25f
o
0.05¢
0.003 -
2 3 4 5
Data x 108

(¢) no transformation

Figure 5.4: Normal probability plots for the LEC reserves estimations. 5000
simulations were conducted using CDKC simulation for the three different
data sets.

5.5 Analysis of reserves simulation results

The statistics of the LEC energy content reserves based on 5000 conditional
simulations for each of the three data sets introduced in section 5.2 are pre-
sented in Table 5.4. The table gives the comparison of the results for the
transformed data and non-transformed data after setting any simulated neg-
ative cell values to zero. The total mine energy content based on the square
root and the logarithm transformations does not follow the Gaussian distri-
bution as evidenced in the histograms of Figure 5.5 and Figure 5.4. Hence,
in addition to the mean and standard deviation of the energy content per
realization we also report the 2.5% percentile x4 59 and the 97.5% percentile
To75%. The difference X — XOK (bias) compares the simulation average of
the energy content with the RK estimate (given in Table 5.3).
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Moments & Quantiles X VX In(X)

X (Pcal) 366 379 423
ox (Pcal) 416 467 807
o5 (Pcal) 287 293 296
To7.5% (Pcal) 449 474 607
bias (Pcal) 13 32 83

Table 5.4: Simulation statistics. X: average energy content; oy; Standard
deviation of energy content; xg 59! 2.5% percentile; xg7 5: 97.5% percentile;
bias = X — XOK'
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Figure 5.5: Histograms of energy content (cal) based on 5000 Monte Carlo
conditional simulations.

For the square root transformation, any negative predictions would be
turned to positive when the results are reversed to obtain the LEC area
density estimation. As such, the more negative the value X, , at location s,
the higher the value of de This leads to positive bias and also gives false

high values.

For the logarithm transformation negative LEC area density estimates
would produce low estimates close to zero. However, high values of the
estimated logarithm would give very high values for LEC area density after
the transformation is reversed because of the exponent. This leads to very
high estimates for total LEC reserves in a significant number of cases, as
shown in figure 5.5b and high bias. RK also performs slightly worse with
this transformation as shown in Table 5.3.

Adjusting the negative values to zero gives low bias (Table 5.3) compared
to the transformations but requires artificial changing of simulation results.
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5.6 Summary

Starting with the drill-hole LEC area density data from Mavropigi mine, we
considered three different data sets for reserves estimation and uncertainty
assessment: The non-transformed data, the square root of the data and the
natural logarithm of the data. The validation measures of Table 5.3 show
that RK performs comparatively well with all three data sets.

The CDKC simulations of the original data contain a few negative values
for the LEC area density in each realization which have no physical meaning.
These values can be changed to zero, but this produces a positive bias as
shown in Table 5.4.

The CDKC of the two tested transformations produce only positive val-
ues for the LEC area density, overcoming the problem of the negative values
without artificially changing the data. However, as shown in Table 5.4 the
mine’s average energy content given by the simulations of both transfor-
mations is significantly higher than the energy content given by RK of the
data. Hence, none of these transformations were used to investigate reserves

estimates for Mavropigi mine and assess the uncertainty.

The histograms and results of the 5000 simulations without any trans-
formation shown in chapter 3 have no bias nor produce any abnormally low
values because of the small number of negative numbers. Hence to assess
the uncertainty, it was decided to use the simulations made with the non-
transformed data without changing negative values. Once this decision was
made, it was followed with the SPI-corrected data.
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Chapter 6

Conclusions

6.1 Conclusions

In this dissertation we introduced the spatial profitability index (SPI). SPI
is a straightforward mathematical tool that locally compares costs and rev-
enue for individual lignite seams. As shown with the drill-hole data from
the Mavropigi mine, the SPI can assist in the medium term and long term
planning of energy reserves exploitation. It enables engineers to investigate
changes of estimated energy reserves in response to market price trends or
increased costs. For example, the SPI can help to more effectively deter-
mine mine limits or total mining costs. In the medium term, SPI can assist
in re-evaluating mine limits to accommodate new prices and costs. If en-
ergy demand is expected to rise or if there is a temporary need to increase
revenue, the SPI can be used to determine the most profitable areas for
immediate exploitation. The SPI also allows identifying non-profitable or
marginally profitable sectors that can be designated for exploitation using

non-continuous, lower capacity methods in the long term mine planing.

Sigmoid functions are proposed to provide quick estimates of the change of
profitable reserves under different economic scenarios. These functions could
be used to generate fast and accurate estimates of total mining costs for the
mine or sector investigated. The advantage of this approach is that spatial
analysis needs to be performed only once to determine the model parameters.
Following that initial step, the sigmoid functions can be used to investigate

121
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different scenarios without repeating the detailed spatial analysis. As such,
the reserves of the mine can be given at any time depending on current
prices and costs instead of relying on analysis performed several years ago

with different economic situations.

The Stochastic Local Interaction (SLI) model employs a local represen-
tation to improve the computational efficiency of predictions. It is based on
a joint probability density function defined by an energy functional which
involves local interactions between the data points. This is achieved by
means of kernel functions with locally adaptive kernel bandwidths. SLI is
expressed by a respective precision matrix. This representation leads to a
semi-analytical expression for prediction, which avoids the computationally
costly inversion of the covariance matrix required by kriging methods.

SLI models performed reliably in all the datasets investigated in this re-
search. Their prediction accuracy is comparable to kriging methods when
used in lignite mine data from Mavropigi mine or coal thickness data from
Campbell county. The SLI method calculates the prediction faster than krig-
ing. If the distribution of the data values is close to the normal distribution,
SLI performs as well as ordinary kriging, which is the best linear estimator
for Gaussian data. However, SLI is faster than kriging. If the data proba-
bility distribution deviates from the normal distribution (like the data from
Mavropigi lignite mine), SLI still gives very reliable estimate while kriging
predictions become less accurate than SLI predictions. Finally, in cases where
the distribution of the data is not even approximately close to the normal dis-
tribution (like the data from the Pluto image), SLI gives significantly better
predictions than kriging with faster computation time.

6.2 Progress towards the objectives

In section 1.2 the objectives and goals of this that this dissertation sought to
address were presented. We present here a short synopsis of how these goals

and objectives were answered in this research.

The coal reserves estimates for Campbell county and Mavropigi mine
are reliable according to the validation measures used. The estimation un-
certainty is sufficiently assessed with conditional simulations. The SLI and
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kriging maps of energy content area density and the coal seam thickness are
informative, giving an accurate spatial representation of those properties. In
combination with the SPI, kriging maps created for Mavropigi mine can be
used reliably to assist the engineer to address economic concerns or mine
exploitation issues. We believe this research fulfilled the objective of proving
that geostatistical tools are sufficient to analyze the spatial variability and

the estimation of uncertainties related to mine exploitation.

SLI models proved to be faster predictors than kriging methods and per-
formed as well or even better in cases that the dataset diverges from the
normal distribution. As such, this research provides evidence that SLI mod-
els are a reliable and faster alternative to kriging, especially in addressing
non-Gaussian datasets.

An objective of this research was to provide simple tools that can as-
sist in defining the pit limits and especially to adjust them under evolving
economic conditions. SPI was shown to provide pit bottom elevation sugges-
tions quickly for a range of revenue to cost ratios. Although the suggested
pit bottom does not take into account technical and mechanical limitations,
suggestive solutions under the current economic conditions or near-future
predictions would assist in making more informed decisions regarding the
mid-term mine planing.

Another goal of this research was to provide tools for the quick and ef-
ficient re-evaluation of the reserves and expected revenue of each sector or
for the entire mine under different economic conditions. The ERD and the
resulting graphs, based on the SPI have been shown to provide an accurate
estimate of reserves changes as well as changes in total mining cost for the
entire mine or the sector investigated. By virtue of being represented with a
graph, ERD is very easy to use.

6.3 Suggestions for future studies

In future research, the SPI can be extended to single-seam deposits or dif-
ferent multi-seam deposits (like uranium or magnesite). With modifications
suitable for the more selective exploitation methods used in underground
mining, the SPI could be applied in underground mining, directing the ex-
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ploitation and helping with the medium term mine planning. Using accurate
3D predictions for blocks could further motivate the use of the SPI for un-
derground mining or to assist in defining the benches for open-pit mines.

Challenges in using the SPI in underground mining include the different
paths to physically approach the block targeted for extraction. Hence, the
different possible extraction costs will depend on the direction of the ex-
ploitation. However, by assessing these different costs to revenue ratios, the
SPI could provide assistance in the long term underground mine planning as

well as medium term mine planning.

The promising SLI models method could also be improved with further
research. At the time, SLI does not provide a map of prediction variance in
space similar to the kriging variance maps.

A method of conditional simulation based on the decomposition of the
precision matrix created by SLI could be developed in future studies. Such
a method would also require the precision matrix to be constructed in a way
that ensures it is positive definite for all sampling configurations.
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Appendix A

Appendix: SPI code

In this appendix the programs made to calculate SPI in matlab 2010b and
2012b are given.

Seam LCV estimation

This program takes the drill-hole coal core data for each drill-hole and com-
bines them into seams. Each seam’s average LCV is calculated from the core
data that correspond to it. The program Takes as input a matlab cell from
the mfile "Data.mat”. This matlab cell contains the drill-hole core data.
Each column of the cell has a different drill-hole. As such, CGEO{1,5}
corresponds to the 5th drill-hole.

The format of each drill-hole in the matlab cell of the data should follow
the format given in Table A.1.

% Requires:
% CGEO to input cell. exei #### X Y 2 0 0 0 0 0;
% #### orofh(m) dapedo(m) 0 ygras, CO2, tefra, K8D, paxos

% GEWT format:

$ X Y Z 0 0 ...
% 1.0rof 2.Dap 3.Paxos 4.Apo 8alas 5.Ygras 6.Tefr+CO2 7.K8D ...
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ID X Y |Z] O 0 0 0 0
ID-core | ceiling | floor W% | CO% | AWF% | LCV | thickness
ID-core | ceiling | floor | 0 | W% | CO2% | AWF% | LCV | thickness

)

Table A.1: drill-hole format. ID and ID-core are the ID numbers assigned
to the drill-hole and the drill-hole core data. Floor and ceiling correspond
to the height above sea level for the floor and ceiling of the core in question.
W%, AWF% and CO»% are the water content, ash water free content and
CO4 content for the core. LCV is the Lower Calorific Value (in kcal/kg) of
the core. X, Y, Z are the cardinal coordinates of the drill-hole head.

8.Pyknot
% 0... sto telos ths gewtrhshs

% GEWT to cell twn geotrhsewn. Sthn prwth grammh exei ta
cell olwn (steira + lign)

)

% kai sthn deuterh mono ton lignith
load Data.mat

ngeo=length (CGEO) ;
GEWT=cell (2, ngeo) ;
ADel (1, 8)=0;

for Geot=l:ngeo
%Geot h trexousa geotrhsh
% Daped, orof, h orofh kai dapedo sta samples ths geotrhshs
% strling o ari8mos twn lignitikwn strwmatwn
% B to mazemeno cell ths geotrhshs
A=CGEO{Geot};
[

n m]=size (A);

Daped=A(2:n—1,3); Orof=A(3:n,2); Diaf=Daped—Orof; %
Diaf (i) = 0 an to dapedo tou i+l sample einai iso me
thn orofh tou i+2

d=find (Diaf+0);

strlig=length(d); % ta strwmata lignith pera apo to prwto

B(strlig+3,8)=0;

B(l,:)=A(1,2:9);

1in=2; % 3ekinw apo thn 2rh grammh tou B, giati h prwth
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einai ta ths geot
B(2,1)=A(2,2); B(2,2)=RA(2,3); B(2,3)=A(2,9);
B(2,5)=A(2,5); B(2,6)=RA(2,6)+A(2,7); B(2,7)=A(2,8);
B(2:strlig+2,8)=1.20;
for i=2:n-1
if Diaf(i—1)==0; % moorw na to balw <0.1 gia na

enwnei strwmata me mono 10 pontous diafora.

B(lin,2)=A(i+1,3);

B(lin,3)=B(lin,3)+A(i+1,9);

B(lin,5)=(B(lin,5)* (B(lin,3)—A(i+1,9))+A(i+1,5) A (i+1,
B(lin,3); % zygizw ka8e fora me to paxos tou
strwmatos. Gia na to kanw auto

% pollaplasiazw thn prohgoumenh ygrasia me to
paxos PRIN

% pros8esw to neo strwma (e3ou kai afairw to neo
paxos) kail meta

% pros8etw thn nea ygrasia x to paxos tou
strwmatos ths

B(lin, 6)=(B(1lin, 6) = (

B(lin,3)—-A(i+1,9)) +
(A(i+1,6)+A(1i+1,7)
B
)

*A(i+1,9)) / B(lin,3);
lin,3)—A(i+1,9)) +
/ B(lin, 3);

)
B(lin,7)=(B(lin, 7) * (B(
A(i+1,8)*A(i+1,9)

else
lin=1in+1;
B(lin,1)=A(i+1,2); B(lin,2)=A(i+1,3);
B(lin,3)=A(i+1,9);
B(lin,5)=A(i+1,5);
B(lin, 6)=A(i+1,6)+A(i+1,7);
B(lin,7)=A(i+1,8);
end

end

B(2:strlig+2,3)=B(2:strlig+2,1)—-B(2:strlig+2,2);
% Edw teliwnei to B ths ka8e gewtrhshs

C((strlig+l)=x2+2,8)=0; % Gia na balw kai ta steira, pou
einai panw apo ka8e lignitiko
C(l,:)=B(l,:); % Ta ths gewtrhshs
C(2,1)=B(1,3); % To prwto steiro 3ekina sthn epifania
C(2,2)=B(2,1); %
ths prwths lignitikhs
C(2,3)=C(2,1)—-C(2,2); C(2,8)=1.8; C(2,7)=—40;

To dapedo tou prwtou steirou sthn orofh

N
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for 1i=3:2: (strlig+l)*2+1
C(i, :)=B((i+1)/2,:);

end

for i=4:2: (strllg+l)*2+1
C(i,1)=B(1/2,2)
C(i,2)=B(i/2+1, l)
C(i,3)=C(i,1)—-C(i,2);
Cc(i,8)=1.8;
C(i,7)=—40;

end

ADel=[ADel;C];

GEWT{1l, Geot}=C;

GEWT{2, Geot }=B;

clear A B C n m Daped Orof Diaf d strlig lin i

end

% Fixing ADel gia to DedRep

o°  oe

Exw mono ta lignitika sto ADel kai exw mia extra grammh me
0 sthn arxh.

ADel (1, :)=[];

degeot=(sum (ADel')==0)"; % ekei pou degeot=1 allazei geotrhsh

save Amyst GEWT ADel

SPI calculation

The following algorithm Calculates the SPI for drill-holes, provided with the
initial pit limits and regions for sectors. The drill-hole core data needed are

provided by the previous program.
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Deikths ekmetalleushmothtas gia esoda/e3oda
O ari8mhths einai esoda/sg.meter kai o paranomasths
e3oda/sqg.meter.

mat files pou xreiazontai (Apo alla programmata)

Pairnei to texniko Peras apo arxeio Texper.mat

Pairnei apo to arxeio Amyst.mat to Adel, Geot, GEWT
Pairnei ta oria twn perioxwn kai tis times twn parametrwn

apo to arxeio Regions.mat

To Adel exei ola ta dedomena

Geot einai oi 8eseis twn gewtrhsewn

deikded einai 1 opou teliwnei gewtrhsh sto Adel

GEWT einai to cell twn gewtrhsewn. Sthn prwth gramh exei
tis gewtrhseis

me ola ta dedomena kai sthn deuterh gramh ths gewtrhseis
me mono ta

lignitika strwmata kai sthn trith ta steira strwmata

INPUT:

To Krisimo Orio, ka8aros ari8mos

OUTPUT :

DEIK cell, opou sthn prwth grammh o deikths
ekmetalleushmothtas

sth deuterh o indicator

dcris to crisimo orio

GEWT CELL:
XY ZO0
1.0rof 2.Dap 3.Paxos 4.therm per 5.Ygras 6.Tefr 7.K8D 8.Pykn

Bazw ena epipleon kostos, to COSTEXT, to opoio gia thn wra
einai 0. To

kostos auto dinetai apo allou kai perilambanei "loipa"
kosth sto ka8e strwma lignith.

PX mporeil na einai pio akribh metafora apo thn perioxh ktl.

Ena kostos gia mia perioxh, mporei na spasei omoiomorfa
stis gewtrhseis ths perioxhs

kai sta strwmata ths ka8e gewtrhshs analoga me to pws to
8eloume.

PX ena kostos 150Eurw/sg.m se mia perioxh me 10 gewtrhseis
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mporei na spasei san
% 150 Eurw/gewtrhsh ths perioxhs. An h ka8e gewtrhsh exei 5

strwmata, 30 eurw sto strwma

function [DEIK]=Deikthsprwtostr (crisor)

o

Parametroi se tonous h kwh kai eurw

o\

kwaste, klign h parametros/tn gia e3ory3h, metafora
apo8esh/apo8hkeush
T to poso poulietai h MWh — to poso kostizei.

o°  oe

nsta8m h apodosh tou sta8mou. P kanei ta gcal/sgm se MWh/sgm

tO0=tic;

load Amyst.mat

load Texper % Tex peras DEH

kwaste=2.5/1.8; klign=2.5/1.2; T=15; nRetent=1; P=1; %
nRetent=0.35; P=4.184/3.6;

Cextra=4; % Kostos agoras gia prwto strwma 4 Euro/m”2

kdesulf=0/1.2; kbenefi=0/1.2; %Desulfurization, benefication

parameters PER TON

n=length (deikded) ;

texper(l:n,1l)= PER(:,3); S%texper to texniko peras an den
8elw, to bazw 0. Paei ana gewtrhsh. An 8elw epifaneia, to
bazw apo ta x,y twn gewtrhsewn

$texper(l:n,1)= 0;

%% COSTEX
Ta kosth
Mia gewtrhsh ana sthlh

o°  o°

COSTEX=GEWT (2, :) ;
for i=1l:n
[gr st]=size(COSTEX{i}),

COSTEX{i} (2: gr 7)=kdesulf; %$Cost by seam
COSTEx{i}

COSTEX{i}(:,8)=[1;
COSTEX{'}(Z gr 4:7)=0;
COSTEX{i} (2, 4)=Cextra;
COSTEX{i} (2, 5)=kwaste;
COSTEX{i} (2, 6)=klign;
(
(1

0; % Region generic
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geoloc (i, :)=COSTEX{i}(1,1:2);
end

clear gr st

F ok kkkkhkk ok ok ok ok ok ok ok Kk Regions Kok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok
% DREG to cell pou leei poies gewtrhseis anhkoun sthn ka8e

region

load Regions.mat
[gee nregl=size (Region);
if nreg==0; DREG=[]; end
for reg=l:nreg
=[Region{l, reg}(:,1); Region{l,reg}(1l,1)]1;
yv=[Region{l, reg}(:,2);Region{l, reg}(1,2)1;
x=geoloc(:,1l); y=geoloc(:,2);
in = inpolygon(x,y,xv,yv); DREG{l,reg}=find(in==1);
end

clear geoloc gee

for reg=l:nreg
for i=1:length (DREG{reg})
igeo=DREG{reg} (i) ;
[gr stl=size (COSTEX{igeo}) ;

COSTEX{igeo} (2, 4)= Region{2, reg} (1 %$Cextra;
COSTEX{igeo}(2,5)= Region{2, reg} (2 skwaste;
COSTEX{igeo}(2,6)= Region{2, reg} (3 %klign;
COSTEX{igeo} (2: gr 7)= Region{2, reg} ); %kdesulf;
COSTEX{igeo} (1,5)=reqg; %Se poia region
end
end

clear gr st igeo

%% Crisimo Orio

dcris(l:n,1)=crisor;

o\

Cell by cell
E3etazw indicator kai deikth ekmetalleushmothtas ana gewtrhsh

o° o° o°

Genika gia ka8e strwma Kerdos/sg.m = arix(d—1)/d
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DEIK=cell (2,n);
for cel= 1:n

[Gram Sthl]=size (GEWT{2, cel});
LIG=GEWT{2,cel};

STE=GEWT{3, cel};
CostEX=COSTEX{1l,cel};

% Prwth Gramh 8esh gewtrhshs, kai 8elw strwmata>1l gia deikth

if Gram<2
DEIK{1l,cel}=nan; DEIK{2,cel}=nan;

end

if Gram>2
kwaste=CostEX (2,5); klign=CostEX(2,6);
kdesulf=CostEX(2,7); % Parameters by location.
DESULF is wrong! Needs to be done by lignite seam
DEIK{1l,cel}=nan (Gram—1,1);
DEIK{2, cel}=nan (Gram—1,1);
indi=nan (Gram—1,1);
Gramt=Gram;
% Bazw Gramt gia to strwma panw apo to opoio koita o
deikths, epeidh den
% allazei o ari8mos twn loop pou kanei to for

for i=Gram:—1:2
para=kwastex*sum(
STE (1i:Gramt, 3) .*STE (i:Gramt, 8) /100
) tklign*sum (
LIG(i:Gramt,3) .*LIG(i:Gramt,8) /100 ) +
sum (CostEX (1:Gramt, 4) /100); %e3oda bazw/100
giati to exw sto 8ermiko periexomeno.
para=para +kdesulfxsum( LIG(i:Gramt,3) )
+kbenefixsum( LIG(i:Gramt,3) ); % DESULF
needs to be done by lignite seam
ari=nRetent+*T+*Pxsum(LIG(i:Gramt,4)); % esoda.
Sto 8ermiko periexomeno exw diairesei me 100

d=ari/para;

if d>dcris(cel)




indi(i—1,1)=1;
DEIK{1l,cel} (i—-1,1)=d;
end
if d<dcris(cel)

indi (i—1:Gram—1,1)

0;
Gramt=i-1;
DEIK{1l,cel}(i—1,1)=d;

end

if LIG(i,1l)<texper(cel); % petaw strwmata katw

apo texniko peras. An den 8elw,
indi (i—1:Gram—1,1)=0;
Gramt=1i—1;

end

DEIK{2,cel}=indi;
DEIK{1l, cel} (indi==0,1)=0;
end

end

clear indi d Gram Gramt LIG STE

end

%% Finale

bazw texper=0;

save Deikths DEIK COSTEX kwaste klign T nRetent kdesulf

kbenefi Region DREG

Tol=toc (t0)
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