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The Aynak copper deposit is the most important stvatend copper reserve in
Afghanistan. The main purpose of this work is the ore deposit boundary modification
and reserve gimation of the Aynak central copper deposit using the geostatistical
methods. The ordinary kiging (OK), indicator kriging (IK) and sequential indicator
simulation (SIS) methods were used to modify the optimum ore deposit boundary and
ore reserve estimati. Then the results, accuracy and efficiency of these three
methods are compared. Before the ore reserve estimation, tpeopessing,
statistical and geostatistical analysis of the sampled data are performed. For a precise
estimation process, it is oessary to modify the optimum ore body boundary as an
estimation space. Therefore, the IK and SIS methods are applied to revise the
conventional ore deposit boundary and estimation space. At the first stage, the ore
body wireframe and solid model are obtd using the conventional cresesction
method. The block model is created covering the mineralization space of the ore body,
and firstly constrained by the conventional model (solid model). Consequently, the ore
body model is adapted and bounded usirg lkh and SIS geostatistical methods.
Finally, the logkriging method that is basically unbiased and guarantees the minimum
estimation error is used to estimate the Cu concentration in each block, and after back
transformation, the gradennage curves apotted. The total tonnage of the deposit
is calculated based on different -oft grades. Assuming the coff grade of 0.2% for
Cu, the tonnage of ore reserve based on the conventional OK method, IK method, and
SIS constrained ore body model are estithate453.4, 459.1, and 467.7 million tons
with an average grade of 1.077%, 1.08%, and 1.05%, respectively. The proximity of
the obtained reserve estimation results using different implemented methodologies is
due to the lowgrade variability and geneticatgularity in the Aynak staratabound
copper deposit and guarantees the accuracy of the results obtained in the ore reserve
evaluation.

1. Introduction

The age deposit boundary modeling anithe
reserve estimation atlkeimportant goals ofmining
exploration operabns, and only after this stage, we
can consider the ore resenesthe technicaland
economic issueAmong thesegdeterminingheore
deposit boundy and estimating the quantity and
quality of reserveare themost important issuemnd
problems frequentlyfacing the geologists and
mining engineers due to the geological ctarpies

of ore body formationTherefore, stimation of ore
reserves is onef the most critical aspects of mining
geolog/ [1].

Evaluating the geological properties of a mineral
deposit is a fundamental task for mine plagramd
it requires an assessmenttloé reserve parameters
such asthe thickness and gradeWith the
exploration progressthe reserve estimation is
required from time to time in order to quantify the
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thickness and grade contained in the deposit. Thereinterest is highly skewedr contains a mixture of

aresome techniques in the literature for modeling
the reserve parameters thickness, tonnaayed
grade. The gostatistical methods are basedtba
random functions and consider the spatial
relationship of the sample data. Even though the
geostatistical mthods havea high modeling
capacity, thesenethod has some limitations. The
most important limitation ofthe geostatistical

population,the ordinary estimation methods can be
erroneousIn these case, theonlinear estimation
method can more appropriately handle these more
complex distributionsuch as logriging [12].

The first step inthe ore reserve estimation is to
determine the boundary of ore deposit or ore/waste
contacts[1]. Generally,for low grade deposits in
which the boundaries are highly depenton the

approaches is the number of data points. In the casecut-off grade, it is vitally important tdeterminghe

of small deposits, the number of boreholes is not
sufficient for the calculatin and modeling ofan
acceptable variograf].

There are various methods for calculating the

orewaste bound of a block. A number of techniques
exist for boundary modeling and some
developments for reducing the uncertainty near
boundariehavecurrentlybeenapplied[15].

volume and tonnage of ore reserves that can be used Any estmation male byOK is only invaluable

according tohlte types of reserves and the amount of
depth information, calculation algorithm, accuracy,
speed, ore deposit statand characteristics dhe
deposit exploration worksDue to theeffects of
estimation error on increasitigeinvestment risk, it
is necssary to use the most accurateserve
estimation that can guarantee the minimum
estimation errof3-6], and the estimation error must
be known at any poinbf the ore deposit to
categrizethe reserve

Unlike to conventional methods and/olassical
statistics of ore depositestimations which are
typically asociated witta systematic errothegec
statistical methagl provide quick and reliable
estimates witla minimum variancg7]. Therefore,
it is possible to achieve the error distribution
function. Among the geostatistical methods,
kriging provides estimation with a minimum
variance anetrrorat an unsampled locatiofv-9].

Kriging, as a group ofeostatistical methods, is
an interpolation technique that considers btk
distance and thelegee of variation betweethe
known data pointsvhen estimatingthe values in
unknown area$l0-12]. The main disadvantage of
kriging is referred tosmoothing which leads to
some reduction in variability. Smoothing causes
overesimating of the Ilow values and
underestimating of the high valuds3, 14]

The most common type of krigirtatis used in
the linear reserveestimation methods isrdinary
kriging (OK). In this method, based on the available

from the extractiorview pointwhen the estimated
block is entirely extracted outHowever, the
conventionalOK is unable to give a method far
selective extraction of the estimated block in &rat
complex boundarsg and low grade deposits
because therefvaste bound isot obviousandis
located inside the blocks. Likewise, in order to
control the estimation process, it is necegdar
define a specific space or seargpacewhichhasa
significant impact on th@utcome of the kriging
estimatg16] based on the ore deposit boundary and
to estimate that space usitige data gathered from
the deposit.

In case all the data including those of both ore and
waste are used to estimate the estimation space,
because of the smoothing effect of krigittggdata
related to waste materials haa tendency to
decrease the overall grade of the deposit while the
data of ords vice versg17, 18] This might result
in the overestimation of tonnage and
underestimation ofjrade andfinally distracs the
ore-waste relationship from what it really[is3].

When it isrequiredto separatehe estimation
blocks in an ore reserve, it is so helgapplylK
and Sequential Indicator Simulati¢8lS) IK and
SIS are used in the ore deposit boundary
modificationandore reservestimation widelyThe
algorithm of SIS issimilar to that of Sequential
Gaussian Simulation (SGS)a widely used
technique for the categorical and continuous
variable model$19, 20] IK and SlSarealso able

data, the most accurate possible estimate for theto help the useio draw the probability map for any

grade of theextracted blocks is calculatedth the
error related to the grade value of each block.
Among the nonlinear kriging methods,the
indicatorkriging (IK) method is the most usedthme
ore deposit boundanyodificationand ore reserve
estimation. When the variable distributions of
interest have a nearormal shape, a linear estimator
is ideal. However, when the variable distribution of
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grade to have the probability of happening equal to
or greater than an arbitrary eoff grade. If this cut
off grade is the same as the economic grade, then
the drawn map shows the ore deposit boundary too.
Themainpurposeof thiswork is to determine the
optimumore deposit boundary usitigelK and SIS
geostatistical methodand compar¢hemwith the
solid model obtained bthe conventional method.
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In this work, the accuracy and efficiency bifiear longitude 69 18 187 latitude 34' 15 587
(Ok), nortlinear (IK) kriging, and SIS gec approxmately(Figurel) [23, 24]

statistical methods are investigatedin the ore The Kabul block is a nortinortheast trending,
deposit boundy modification andore reserve lenticularshaped sliver about 200 km long and 50
estimationin the Aynak cental copper deposit km wide. The block has a broadly anticlinal
structure that exposes a core of Precambrian
2. Case study:Aynak copper deposit metamorphic rocks flanked by Late Paleozoic and

Mesozoic rockg24]. The Aynak deposit is hosted
in rocks of the Loykhar and GulhamiBlormations
that are folded into a complex asymmetric anticline
[24].

The ddest rocks exposed in the studiedea
belong to the metalcanic Wellayati Formation,
composed of gneiss and amphibolite and are
exposedo core of the anticlined.

Aynak is the largest know copper deposit in
Afghanistan and is conparable to those in the
Zambian Copper belt in grade and tonngje 22]
The Ayanak copper deposit is located aboDtkén
south andSE of the Kabul city, Kabul tectonic
block The center of the deposit islocated at

Figure 1. Tectonic map of Afghanistan with location of Kabul Block and thehe Aynak copper deposit, modified
from AGS and BGSJ[22, 23]

This formation is overlain by the thick
metasedimetary sequence of the Loy Khar
Formation, which is the host to the copper
mineralization The Loy khar Formation is a
cyclical sequence of dolomite marble, carbonaceous
guartz schist and quartiotite-dolomite schist, and
hosts the copper mineralization. The Loy Khar
Formation is postlated by basaltic to dacitic
metavolcanic rocks of the Gulhamid Formation,
which ae also of VendiaitCambrian agg21-26]
(Figure?2).

The pper Permian limestones and dolomites of
the Khingil Formation occur at Aynak in small
outcrops in the wstern and southern part of the
area.Poorly consolidated coarse fluvial and fluvial
lacugrine intermountain basin deposits of Neogene
Lataband Formation infill the valleys and
depressions in the Aynak ardhat reacles a
maximum thicknesses of about 66(]23-26].

Figure 2. Geological map and crossection of Aynak
copper deposit[22].
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Figure 3. Stratigraphic column, showing the major
rock types and sulphide mineral zonation in the
Aynak copper deposit[22].

The copper mineralization at Aynak is
strataboungdand characterized by chalcopyrite and
bornite disseminated in dolomite marble and quartz
biotite-dolomite schists of Lo¥har formation22-

26]. The mineralization is mainly concentrated in
members & of the Formation, as illustrated in

Figure 3. The main ore body at Central Aynak is
characterized predominantly by bornite.

Chalcopyrite occurs in only minor amounts in the
middle and lowe parts of the orebody. Primary

mineral zoning is apparent within the deposit. The
central part of the deposit contains mainly bornite
grading out to chalcopyrite and the pyrite and
pyrrhotite.[23-26].

3. Methodology
3.1 Dataset

In all, the data about 10881 rock somples with
intervals 0f0.1-13.6 mwith mean of 1.8n gathered
from 132 boreholes and trenchegh a total length
of42185mrelated taheAynak copper deposit. The
dataset included collars, lithology, dowhole
survey and assaywhich are used in thigork. In
general, the drilling grid is irregularand the
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distance btween the two boreholes varies from 20
m to 100m. Figure4 showsa 2D view of the drill
holelocationin thedeposit.The dill hole samples
were prepared andanalyzed using #mic
Absorption SpectroscopyAS) for copper

Figure 4. Drill hole 2D view in Aynak copper
deposit.

3.2 Pre-processingof data

The sampled datevasfirst pre-processedo use
thereliablegeostatistical methodsPreprocesing
of the dataincludes data validationeasoed data
and outlier value analysisin addtion to the
presence or absencetbécensoeddata andutlier
values, it is possibe to have the missng
information, illogical data entriesand othess such
as samplénterval overlap$27], whichare reaqired
to be investigeed and validatedIf there are
censored data and olier values, beforethe
statistical and gestatistical analysis anteserve
estimation, the ensoed data and olier values
should be replaced and corrected

There are several meitis for identifyingthe
outlier values including dx plot, Q-Q pot
diagrams computational method. = T+ 5G and
Doerffel diagrams.For this purpose, first the
censored dat identified, ands replaced usinthe

—;method for theninor sensitivity limit values. Then

the box plot of the transformed data (In(Cuy
plotted and the outlier valueseidentified and the
replacement operatida performed Figure5).

After checking the ensoed data andoutlier
values, the information collected from the
exploratory boreholess inserted in the Excel
software. Thenfour files related to theassay
geology,collar, and surveynformationareinserted
and finally, the databasés made relevanto the
mining software, which is used in thedelingand
reserve estimation. Figure 6 shows a 3D view of the
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boreholes and topographic layer of the Aynak 3.3 Statistical analysis

copper deposit.

Figure 5. Box plot of In(Cu) for investigation of
outlier values; (a) beforereplacement and (b) after
replacement ofoutlier values.

Figure 6. A 3D view of boreholes and topographic
layer on Aynak copper deposit.
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The statistical study of the data used is the most
important step towards the correct use of the
geostatistical methods[28]. The raw data
distribution  function or normal Gaussian
transformationis one of the most importardénd
essential control befoe the geostatistical
estimation that has asignificant effect on the
selection ofthe appropriate estimatardlany gee
statistical methodsuch asordinary kriging are
based on the assumptianh stationarity[29]. The
representation of the frequency histogram and the
cumulative distribution function of the data are one
of the most common methods in evaluating the
frequency distribution and also in data
normalization10].

In this work, the data distributionuhdion was
investigated usinthe histogramand RP gdot of the
raw data.lt showsthat the initial raw data does not
have a normal distributigmndhas a high positive
skewnesswhich should be converted to a normal
distribution with aconversionfunction There are
various methods foitransformationof the data
distribution to normal distributionsuch as
logarithmic threevariable logarithmic, CoBox,
and normal scoréransformation In this work, a
logarithmic transformation was used transform
the almormal distributiornto a normalone;thenby
investigation of the statistical parameters and
diagrams, it wasidentified that the logarithmic
distribution of copper adheréd to normal
distribution. Thusthe logarithmic transformation
was used fonormalizing the raw datd-{gure?).

Table 1 show the statistical parameters of the
primal raw data and the transformed one.
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Figure 7. Histogram and P-P plot of primary raw data to investigate data distribution before and after
logarithmic transformation (a) histogram of Cu, (b) histogram ofin(Cu), (c) P-P plot of Cu and (d) PP plot of

3.4. Geological modeling

Prior to grade estimation, it imecessaryto
construct the geologicahodel of the constraints
and bordeof themineralization zones. duially3D
representation of the volume of mineralizatioost
be constructed[9, 15, 31] A 3D geological
modeling can reflect the result and propertiethe
ore deposit, enablintpe geologists to have a more
intuitive and clear understanding of the ore deposit.

In(Cu).
Table 1. Satistical parameters of Cu and Ln(Cu).

Parameters Cu Ln(Cu)
No. of data 10881 10881
Mean 1.1811 -0.5439
Median 0.61 -0.4943
Standard Deviation 1.5682 1.3107
Variance 2.4593 1.7179
Skewness 4.48 -0.46
Kurtosis 41.6 0.26
Minimum 0.0075 -4.8929
Maximum 24 3.1781

Finally, inorder to creatéhe same volumef the
samplesgreatinga homogeneous environmettibe
same probability in terms of the size of the samples
composiing is carriedout. It is very important in
estimation to work with equal support samphasd
therefore the datavascomposited to eqlidgengths
[30]. In other words, the samples taken from the
drilling cores should be statistically homogens
in length and effecBo that they can be used in the
geostatistical studies. For this reason, the first step
in preparing lhe standard data in doing the geo
statistical studies is the uniformity of the statistical
weight and the effect of data or composite
specimens[10, 28] In this work, based on the
plotted histogram of sampling lengthfor having
andequal volume othe samples and creating iso
probability spaceall the datavas compositednto
2.5min length.
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The purpose of geological modetonstructionis
to determine the grade, boundariasd geological
structures of an ore deposithe first step in
geologic modeling is to plahe crosssections with
thegeologic data of each drill hole on secti¢8g].
Therefore, in order to know the statuggebmetry
of mineralizationand ore grade distributiom the
Aynak copper deposit and finally to estimatedhe
reserve, 23 northwesbutheastrosssections were
plottedusing andexploratory borehole information.
Thenin each section, the mineralization zones were
identified and the sections were connected to each
other manudy, and finally,the volumetric model of
the mineralizationdomain was preparedor the
usual ordimry kriging Figure8).
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Figure 8. Exploration crosssections and geological
model of ore depositdomainin Aynak copper
deposit(a) crosssections(b) wireframe model.

3.5 Variogram analysis

The geostatistical methodologies are based on the
theory ofregionalized variabldd, 33], which states
that the attributes within an area exhibit bothe
random and spatially structured proper{®$, 35]

A semivariogram is the fundamental tool of geo
statistical proceduredo investigate the spatial
structurg36]. Itis defined as half of the mean square
difference of a variable for values separated by a
distance li1, 7, 12, 13]In practice, an experimental
variogramis computed afl, 7, 11, 15, 34, 387]:

Jh=c5 200 () FrOs D1¢ )
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where J{(h) denotes the variogram forna

interval lag distance classi(h) represesithe
number of pairs for an interval lag distance
class h, and T) and [ T+ D are the values
of the regionalized variables of interest at
locationsx; andx;+h, respectively

The \ariogram can beomputedin different
directions to dtect any anisotropy of the spatial
variability [35, 38] The directional variogram
model provide a better underahding of the
deposit and helps identifying the anisotropy
[10]. An anisotropy modegenerallyincludes
the geometric anisotropy and zonal anisotropy
[35, 38] The former type of anisotropy yields
thevariogram having the same structushbpe
and maximum variabilitygjll) but a direction
dependent range for the spatial correlation. The
latter type, however, is defined by siarying
with direction[35].

In this work, variographic operations were
performed to studythe structural analysis,
anisotopy, and geestatistical estimationvith
respect to the spread of thee depositin the
Aynak copper deposit, and thus the direction of
the medium and smadixes of the anisotropic
ellipsoidwas determinedAfter computingand
plotting the experimental variogram, a
theoretical model should be fitted to the
obtainedexperimentaVariogramIn the current
work the best theoretical exponentiamodel
wasfitted to find three parameters includiting
nugget effect (), the sill (C+ Cp), and the
range The variogram parameters and
variogrammodelare illustrated inrable 2 and
Figure9.

Table 2. Variogram parameters related to Cu variogram model in Aynak copper deposit

Variable  Variogram Model Nuggeteffect Sill ( C + Co) Range (m)
L . Minimum  Maximum
Ln(Cu) Directional ~ Exponential 0.1012 1.0262 75 66 82 66
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Figure9. Directional variogram of In(Cu) in Aynak

copper deposit(a) dip = -10" Azimuth = 110"(b) dip

=-29.5" Azimuth = 14"and (c) dip = 58.57 Azimuth
=36.7"

In order to draw the indicator variogram, the
first step is to transform the data intbe
indicator values, and the variogram should be
plotted using the values for the indicators. The
variogram must be calculated in different
directions to detecthe anisotropy of spatial
variation[18].

In this work, in order to determine there
deposit boundaryusing the indicator kriging
method, the indicator variogram was
calculated and the experimeinteariogram
model was obtained. Them the experimental
variogram, tle appropriate theoretical model
(here, theexponential modeljvas fitted. The
resuls of this indicator variogram analysis are
illu strated in Bble 3, andrigure10.

Journal of Mining & Environmentyol. 13, No. 2, 2022

Figurel0. Indicator variogram of Cu in Aynak
copper deposit(a) dip = -107 Azimuth = 110"(b) dip
=-29.5" Azimuth = 14"and (c) dip = 58.57 Azimuth

=36.7"

3.6. Crossvalidation

After performing the estimation process using
each geostatistical method, validation is performed
to examine the accuracy of the res{B4, 35, 39]

In other words, the accuracies of the variogram
model and the estimation method are determined
via thevalidation techniques. In a cregalidation
procedure or leaveneout [18, 38] the measured
data isdropped one at a time andestimated from
some of the remaining neighboring d§ia, 34,
35]. Ead datum is replaced in the ds#éh once it
has been restimated. The two parameters are
computed as follovi34, 35]

FSed (G F (G V] (2)

_Eojc DU(esig 2u(eaiol
MSSE =¢ #ee (eifo)- 3)

where T(u; z) and I(y z) are the estimated and
measured valued the location, respectively, N is
the number of measured data, agdQ; \) s the
kriging variance.

Table 3.Indicator variogram parameters related to Cu variogram model in Aynak copper deposit

Variable Cut-off grade  Variogram Model Nuggeteffect Sill Range (m
L . Min Max
Cu 0.1 Directional Exponential 0.129 0.594 39248 7576
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The KME (kriging mean error) and MSS&dan

square standard error), which are close to zero and

one, respectively, denote the best fitting models and
parameters othe variogram In this work, the
validity of the variogram models were checked
using a croswvalidation method.

Based on the results tfe variogramvalidation,
the amourg of uncertainty and error are determined
in the sampled dataldeally, the following
conditions should be met in the results of comparing
the estimated data with the initial data

1- Themeanerror should be close tero2- The
varianceerror should be close to thgerage kriging
variance 3- The error histogram should have a
normal distributionand approximately 95% of the
error should be in the range & to +2of kriging
variance4- High correlation between the estimated
values and the actual values, and Bhere is no

Journal of Mining & Environmentyol. 13, No. 2, 2022

3.7. Indicator Kriging

Indicator Kriging, as introduced by Journeg a
nonparametric geostatistical method for estimation
of the probability of exceeding a specific threshold
value, 4, at a given location. In indicator kriging,
the stochastic variable, Z(u), is transformed into an
indicator variable with a binary distribution, as
follows [2, 14, 15, 34, 35, 383]:

=L 0 Ve € N

HU2=8 krans

k=1,2,3,....m

wherel (u; z) is index value of the sample 1, and
Zy is the given cut off grade.

Indicatorkriging estimates th@robability of the
grade of a given block tee smaller than a specific
cut-off grade. The merit of this method is that the

(4)

correlation between the estimated values and the estimation process is independent from the

error.

The crossvalidation results show that KME and
MSSEareclose to 0 and 1, respectively, indicating
that the fitted variale function parameters are
reliable and can be used for ordinary kriging
estimation.The results are shown in Table 4 and
Figurell.

Table 4. Summary statistics of Kriging error using
crossvalidation.

Summary statistics of Kriging errors

Parameters In(Cu)
Mean 0.0034
Variance 0.2557
STD.Deviation 0.5057
Skewness -0.1212
Kurtosis 6.082
AVG. Krig variance 0.2896
Two. STD. Deviation 95.65

Figure 11. (a) Scatter diagram between estimated
and residual values(b) correlation diagram of kriged
values and initial values.
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distribution of the data.

Prior to applyng this methodtheraw data should
be transformed inttheindex values, based on the
uppermentionedequation(4).

Indicata kriging is almost similar to rdinary
kriging except in indicator riging; the indicator
variogram values are uséustead ofthe ordinary
variogram. The ndicator variogram can provide
information about the spatial digtution of each
class of values, allowing the evaluwati of the
probability to exceed theutoff values[42]. The
indicator variogram is calculated for each gieah
off grade using the following equation:

) L o

IV =o—rr i

20(0D e

where N(h) is the number of pair of samples
separated by vectth”.

The approximate value of the indeariable in
eachpoint is given by the following equatid4,
35]:

I"(Uo, 2 = #'¢e Az)I(Uk, 20) (6)

where I(x, z) represents the values of the
indicator at measured locations, and Qis the
weighting factor of (i z) in estimating (Uo, z).

The approximate value of the index, (W),
varies between 0 and dnd suggests the probability
of the grade of the estimated block to be smaller
than thecut-off grade[l, 35, 42]

The indicatoris then estimated using OK to give
the probability estimate of exceeding or not
exceeding the thresholds of interest. The IK
estimate of each single indicator lies in the interval

(5)

[(To Y F-(lgr T 9]°
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[0,1][1, 12, 40, 44]and can be interpreted[ds 12,
40]:

1. Probability that the gradexceeds the indicator
thresholdor

2. As proportions ihe proportion of theblock
above thespecified cuioff on the datauppor].

3.8 Sequential indicator smulation (SIS)

SIS is an invaluable tool for providirtbe spatial
models by combining the sequential paradigm with
indicator formalism to simulate nonparametric
categorical or continuous distributions. The
objective in SIS is to generate realizations {%(x
Z(x), ..., ZAxn)} at unsampled locations {xxz, ...,
xn} for a set of random variables z(x) of a property.
In this simulation approach, the IK estimator is used
for providing the model. Lik&ull Indicator Kriging
(FIK), SIS utilizs many threholds for
transforming data ino the indicator values to
perform the simulatiof88, 45]

In general, the SIS algorithm canibgplemented
as follows[38, 45}

1. Transformation of the data of Cu grade in to the
indicator codes (o or 1) by the indicator function
at each threshold. z

2. Preparation of the indicator variograms for each
threshold.
Definition of a random path.

4. Application of the IK estimator at each

unsamped location from all othe values (
known and simulated ) to approximate the
probability of variable being lower than a given
cutoff value.

Flzq x& f+m-1)]=probk[z(x&) " ] @)

where nis the number of observed data ] is the
number of previous simulated valyesnd F[zy;
x% @)] is the conditional cumulative distribution
fuction (CCDF).
5. Simulation at other locations sequentially.
A flow chart illustrating the SIS procedure is
shown inFigurel12.

3.9 Ordinary kriging

Ordinary Kriging (OK) is probably one of the
most common gestatistical methods being applied
in estimation since it has gained much recognition
and has proven to be a very good estinfa@fr OK
is an estimatiormethod often associated with the
normal distribution[46]. OK is a linear geo
statistical method that provides local estimation by
interpolation. Krige and Matheron have introduced
this linear estimation technique to reduce the
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volume variance effect. OK assumes that the
regionalized variables are stationary where the
mean is unknowrn3-5, 41, 43] Ordinary kriging
can be estimated by linear combination of the
observed values with weights as follojd4, 33}

§<() (8)
Nds

where <{ T)) is the kriging estimation at location
T4 <« Ty is the sampled value at locatidiy and &;
is the weighting factor for{ T). The estimation
error is:

e

<l(TZ): i

NT)F<(1)=41)=1 é a(n) F<(1)

¢

9)

where q Ty is the unknown true value &k, and
4Ty is the estimation error. For an unbiased
estimator, the mean of the estimation error must be
equal to zero. Therefore{ 4 Ty} = 0 and

i €| =1

1€t

The parameters of the search ellipsoid are shown

in Table 5.

(10)

Figure 12 A flow chart illustrating procedure of
(SIS).

Table 5. Search ellipsoid parameters.
Azimuth  Dip  Plunge
110 30 -10

Range
82.66

Rmaj/Rsemi
1.083

Rmaj/Rmin
1.81
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3.10 Block modeling

Block modeling is performed to determine the
volume of theore deposit,limit the estimation
space and finally to estimate there reserveThe
factors that determine the size of the block are
mainly to fully reflect the changingharacteristics
of the orebody The ore body should have a large
vaiability, the unit block should be small, the ore
body should bén alower vaiablility, thenthe unit
block couldbe large. If the block size isdtarge or
too small, the sample evaluation result will be
average, and it cannot accurately leef the
characteristics ofrade changepl7]. The size of
these blocksis selected based meveral factors,
such as the drill hole spacing, mining method
(bench height)and ore deposit geological settings
[12]. In the Aynak copper deposit, the distance
between boreholegaries from 20 m to 100 rm
different parts of the deposit

Table 6. Block model parameters in Aynak copper

deposit.

Type X Y Z
Minimum 27808 91215 1486
Maximurmr 2924¢ 9333t  249¢

Main-block size 10 10 10
Suk-block siz¢ 2.5 2.5 2.5

Therefore, the diensions of the main blodkize
were selecteds10 x 10 x 10m andthesub-block
size2.5 x2.5% 2.5mthroughout the ore body extent
(Table6). The 3D block model ahe Aynak copper
depositis shown inFigurel3,

Figure 13. Block model of Aynak copper deposit.

3.11 Ore deposit boundarymodification using
IK and SIS methods

The simplest method to identify ore against waste is
to drawtheore-wasteboundariesnanuallyin cross
sectionsbased on the borehole informatigt3].
Generally, for low grade deposits in which the
boundaries are highly dependedtbiut-off grade,
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it is vitally important to determine the ore deposit
bound of a blockWhen it isrequiredio separatéhe
estimation blocks in an ore reserve, it is so helpful
to apply thelK and SIS interpolation methods. IK
and SlSarenon-parametric techniqeehatareused

in ore depsit bounday determination and ore
reserveestimation widelylK and SIS aralso able
to help the useto draw the probability map for any
grade to have the probability of happening equal to
or greater than an arbitrary eoff grade.

In this work, in order to determine thare deposit
boundary andeserve estimationsingthe IK and
SIS method, the exploratory borehole information
related tothe Aynak central copper depositvas
used.For this purposedy applying acut-off grade
(0.1% Cu), that telow of 0.1% is considered as
wasteand above jtasore;all thedatawasconverted

to 0 and 1, and theore deposit boundaryas
estimated usingheindicatorkriging method

Finally, theestimation domaimwas cut with an 80%
probability of occurrenceand the ore deposit
boundary was determined. The results of this
estimation as a probability map are showFigure
14.

Figure 14. 3D ore deposit model in Ayak copper
depositusing IK (a) and SIS (b)methods with
probability of 80%.
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4. Resultsand Discussion

Before theore deposit estimatioit, is requiredto
perform the statistical and gestatistical analysis of
the sampleddata Also to control the estimation
processit is hecessary to modify3D modelasthe
estimationspace.To definethe estimation aredhe
conventional IK and SIS interpolation methods
wereapplied and the ore body solid modelvere
obtained Then the block model was created
covering the nmeralizationspaceof the ore body,
and constrained theore bodysolid model (Figure
8).

In thiswork, thelK and SISmethods were used to
modify the optimum ore deposit boundaryand
estimate the Cu concentrationthe Aynak copper
deposit. IK and SIS wereused to estimate the
probability of ore occurancebased on 3Dthe
anisotropiandicatorvariogram models

Thenthe ore body probability map to exceed the
choserd.1% cut-off gradewith a probability of 80%
presence obre depositwas obtained Figure 14).
Based orthe SIS methodpne lundred realizations
were calculatedandthe Etype mapthatillustrates
thahthe pointby-point average of all realizations
was obtaintedFigure 15 showsa 3D view of Cu
concentration irthe Aynak central copper deposit
constrainedisingthe SIS approach

Figure 15. 3D view Etype map.

Finally, theore reservestimation was performed
using the OK method on thdransformedvalues
with the conventional and gestatistical (IK and
SIS) constraied black model. Thentheresultswere
backtransformedto the primal raw values.After
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estimating the Cu concentrationin the Aynak
copper deposit the estimated block model was
performed by transformedin(Cu)) and back
transformed (Cu) values, whichilustrated in
conventional 3D block modéFiguresl6a & b).

Figure 16. Ore reserve estimation using OK method
(a) transformed values (n(Cu)) and (b) back
transformed values (Cu)

In this work, the tonnage of ore deposit was
calculated in different cunff grades usingthe OK
method. Foa cut-off grade 00.2%Cu, thetonnage
of ore rexerve based on Ok method witthe
conventional, IK andSIS constrained ore body
modelwas estimated dsllow (Table7).

Finally, the gradd¢onnage curves were plotted.
According to these curves, on the basis of an special
cut-off grade,the average gradand tonnage of a
mineral deposit can be estimated all togethigure
17 presents the gradennage curves of oreserve
in the Aynak copper deposit.

Table 7. Ore reserve estimation of Aynak copper
deposit using OK method (with 0.2 % cutoff grade).

Constrain Tonnage (ton) Average
method grade (%)
Conventione 45345900 1.077:
IK 45915700 1.080:
SIS 46774200 1.051¢
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Figure 17. Grade-tonnage arves constrained on the basis ofK and SISestimations.

5. Conclusiors

Choosing the robust geostatistical methaidhk a
minimum error is a very vital stépr theore deposit
boundarymodificationand ore reservesstimation
In order to model the ore deposit boundary and
define the estimation spacehe conventional and
geostatistical (IKandSIS) methods were used, and
theore body solid modealasobtained.The results
of this work show that the traditional ore body
modelingmethods.generallydue to low accuracy,
is timeconsuminy; the user intervention in ore
deposit  boundary  modeling, and also
impelemening the same interpolation rules for
different ore depositypes in some casespuld be
imprecise and locallgrroneousin this work, the
traditionallinearOK and norlinearlK and SISjec
statistical methods wereimplemented and
compaed for ore deposit boundarynodification
and ore reserve estimation the Aynak copper
deposit

Overal in comparisonthe SIS method was be
able tomuch properlymodel the orebody witta
highe continuityand the local fluctuatiothat had
a better corformity with the Aynak staratabound
deposition.The proximity of theobtainedreserve
estimation resultsusing different implemented
methoablogies is probably due to a low-grade
variability, and geneticalregularity in the Aynak
copperdeposit,and guarantegthe accuracy of the
obtained results in the ore reserve evaluation.
However, n the low-grade deposits with higher
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irregularity and ore grade variability, ore boundary
modeling with traditioal methods could be much
complicatedandwe are requiredo implementthe
proposed noitinear geestatistical and simulation
methodologies to redudberisk of estimation.
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