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Abstract

The purpose of this study is to identify the effect of Ordinary Kriging (OK) and Inverse Distance Weighted (IDW) estimation
methods for the delineation of mineralized zones based on subsurface data using concentration—volume (C—V) multifractal modeling
in the Dardevey iron ore deposit, NE Iran. Variograms and anisotropic ellipsoids were generated for the Fe distribution using the
above estimation methods. Continuity of ore and waste, the number of points involved, discretization factor for ore and waste
boundaries and block model were generated for reserve estimation purposes. In addition, the C-V log—log plots based on the
estimation methods that represent the various mineralized zones from existing thresholds and error estimations in both methods were
compared. The comparison and interpretation of the mineralized zones based on the C—V fractal modeling show that the error is less
in the OK method, although the volume of extreme, high and moderate zones resulting from the OK method is greater than the IDW
method. The thresholds considering C-V fractal modeling for extremely, highly, moderately and weakly mineralized zones are
60.37%, 55.27% and 45.66% respectively for the OK method and 55.14%, 50.12% and 41.48% respectively for the IDW method.
According to the threshold values, the error in the OK method is less than 20% while the error estimation resulting from the IDW

method increases to 60%.

Keywords: Error estimation, JORC classification, Concentration—Volume (C-V) fractal modeling.

1. Introduction

Fractal/multifractal modeling has been widely
applied in different geoscience branches especially in
the spatial modeling of mineralized zones (e.g., [1-7]).
The concentration-volume (C-V) fractal model by
Afzal et al. (2011) can be utilized to distinguish
between different mineralized zones with respect to the
thresholds (breakpoints). As a result, the C-V fractal
model is considered a proper method to describe spatial
distributions of different attributes (ore elements in this
scenario) within the wvarious ore bodies [8 -10].
Geostatistical methods are commonly utilized for
interpolation and estimation of different regional
variables in 1D, 2D or 3D illustrations. Employment of
an accurate estimation method with respect to
geometry and geological properties of different
deposits and drilling patterns is a problematic issue in
reserve estimation [2, 11, 12]. Linear and non-linear
kriging methods, Inverse Distance Weighted (IDW),
interpolating polynomials, splines and power and
Fourier series fitting have been created to overcome the
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Above-mentioned problem [13 - 17]. In many cases,
kriging has performed as the best estimator [18-24],
while in others instances IDW or splines performed
well [25- 29, 16]. There are many articles that compare
Ordinary Kriging (OK) and IDW [12, 16]. Using real
data rather than synthetic data has several advantages;
it precludes one method from having an unfair
advantage merely because the data used for the
comparison are generated under the same model on
which the method is based. On the other hand, only
with synthetic data can the effect of certain data
characteristics on  interpolation  accuracy be
systematically evaluated [26, 22, 30, 16]. Evaluation of
ore element distribution is an important parameter for
mine planning and design [31]. Determination of
estimation methods is essential for decreasing error
estimation and increasing the accuracy of resource and
reserve evaluation [32, 33 Selection of an estimation
method is essential for fractal/multifractal modeling,
especially in the C-V model. On the other hand,
accuracy of the estimation methods and their errors of
interpolation affect the C-V fractal/multifractal
modeling. The main aim of this paper is to separate out
and compare the accuracy and error estimation of
different mineralized zones which were derived using
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the C-V fractal model based on IDW and OK
interpolation methods in the Dardevey iron ore deposit,
in NE Iran. The C—V multifractal modeling and the
interpolation methods including OK and IDW were
used in this study.

2. Geological Setting of Dardevey Deposit

The Sangan iron ore complex is located
approximately 300 Km SE of Mashhad, in NE Iran and
is considered one of the greatest Iranian iron ore
resources. The Sangan complex consists of several ore
bodies such as Dardevey, Baghak, A, A', B, C, C
North. The Dardevey deposit is situated approximately
18 km NE of Sangan, as shown in Fig.1. This area is
located in the Lut structural zone, which is one of the
subdivisions of the Iranian central structural zone at the
north Darouneh fault, as depicted in Fig.1. Dardevey
iron ore includes an Fe skarn system. The metallic
minerals in the Dardevey deposit are magnetite,
hematite, goethite, pyrite and martite [34].

The Dardevey deposit is located in the southern margin
of the Upper Eocene Sar Nowsar granite (biotite-
amphibole granite) and occurs in an east-west trending
sequence of Upper Mesozoic sedimentary rock. The
Magnetite skarn is formed in the black limestone and
dolomite (Jurassic- Lower Cretaceous). They are
considered massive and in some localities, they
measure  approximately 200m  thick. Mineral
paragenesis is magnetite + hematite + pyrite and some
chalcopyrite = garnet (andradite) + actinolite + chlorite
+ phlogopite calcite + dolomite. The Dardevey deposit
is Mg-skarn with the Mg content of magnetite at
around 1.22-1.26%. At least four stages of skarn
formation and ore deposition have been documented in
the area (stages I, II, IIT and IV a, b). Based on satellite
images and field observation, the Dardevey deposit
was displaced by a strike slip fault more than one
kiolometer from the Baghak deposit [35-37].

Exploration drill cores and surface magnetic surveys in
the study area confirmed that the motion and dips of
the mineralized zone are inclined towards the South
(80°-85°). The recognition of a fault system and
structural features is important because these may
materially affect the assessment and exploration of
other segments of the hidden ore body. In addition, the
main structural features include two fault systems
trending NW-SE and E-W, as depicted in (Fig. 2: [35]).

3. Methodology

The concentration—volume (C-V) fractal model
proposed by [1] is utilized to delineate the various
mineralized zones in order to characterize the
distribution of major, minor and trace element
concentrations in relation to the Iranian Cu porphyry
deposits (Sungun and Chah-Firuzeh). This model is
expressed in the following form:

V(p<v)ec p™'; V(p2v)ec p(1)

Where, V(p<v) and V(p>v) indicate volumes (V)
with concentration values (p) that are, respectively,
smaller and greater than contour values (v), which
define those volumes, and al and a2 are exponents. In
the log—log plots of concentration values versus
volumes, certain concentration contours representing
breakpoints in the plots are considered threshold values
which distinguish the mineralized zones located in the
different types of the ore deposit. In the C-V model,
breakpoints between straight-line segments in the log—
log plots represent threshold values separating
populations of geochemical concentration values that
represent mineralized zones according to distinct
geochemical processes [1-2]. Threshold values are
recognized by applying the fractal C—V model likely to
represent the boundaries between different ore zones
[4,1,9,10].

To calculate V(p<v) and V(p>v) enclosed by a
concentration contour in a 3D model, e.g., the original
drill core data of the ore element, concentrations were
interpolated using the IDW and OK estimation
methods. Geostatistical techniques such as OK and
IDW are widely used for ore grade estimation [39].
Kriging is among a group of geostatistical methods
used for the interpolation of different regional variable
values (e.g., ore element in this case) which consist of
OK, universal kriging, indicator kriging, co-kriging
and others [40-43]. OK and non-linear geostatistical
estimators are proper methods in ore control and
reserve/resource estimation where kriging is commonly
described as a “minimum variance estimator” [44]. The
choice of which kriging method should be used
depends on the characteristics of the data and the type
of spatial model. The most common geostatistical
method is OK which was selected for this study. OK
plays a special role because of its compatibility with a
stationary model which involves a variogram [45, 1,
46]. OK estimates based on a moving average of the
variable of interest satisfy various dispersion forms of
data e.g. sparse sampling points. Moreover, it is a
linear model based on local neighborhood structure
[47, 39].

4. Variography and Anisotropic Ellipsoid

Variograms and anisotropic ellipsoids are a set of
widely used statistical tools for spatial estimation and
interpolation, which are the fundamental components
for geostatistical modeling [48, 49]. Based on 156 drill
cores (Fig. 3) and 5,922 collected samples 2 m in
length , the non-directional and directional variograms
were generated using Datamine Studio Software v.
3.19, as shown in Table 1 and Fig. 4. Moreover, the
histogram of Fe was generated by SPSS which shows a
multimodal distribution for Fe in the area, as depicted
in Fig. 3. Finally, anisotropic ellipsoids and the axis
characteristics were also provided (Table 2 and Fig.5).
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The main axis of the anisotropic ellipsoid shows trends A) Continuity of ore and waste.
in the N119 and N323 with 244 and 45 m ranges. The B) Optimization of the number of points involved in
search ratios of the estimation are (.75 of these ranges. the estimation of ore and waste boundaries.

C) Optimization of the discretization factor in the
5. Determination of Evaluation Parameters estimation of ore and waste boundaries.

Three evaluation parameters were calculated as follow:
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Fig. 1. Location of studied area in structural map of Iran (Black Square; [38])
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Table 1. Result of non-directional and directional variograms

. C- . Nugget
Variables  Range Value Sill Effoct
Non- 4108 453 1472 1019
Direction
Axis 1 244.8 64.1 148 83.9

Axis 2 113.4 40.2 131.1 90.9
Axis 3 45.7 56.7 111.2 54.5

Table 2. Anisotropic ellipsoid particulars in the deposit

Variables Azimuth Dip
Axis 1 119.49 -4.00
Axis 2 209.62 -1.78
Axis 3 323.56 -85.62

3-1. Continuity of ore and waste

Thickness continuity of ore and waste in reserve

estimation plays an essential role which is a function of
grade continuity. The degree of continuity of grade in
the mineralization is a function of the mineralization
type. For example, in sedimentary mineralization with
layered geometry, continuity in directions X and Y
(Iength and width of the deposit) to Z (the thickness of
the deposit) has a higher degree [50].
Fe grades of 20% were considered for the
determination of the extent of waste and ore.
According to this criterion, the Fe values measured in
each drill core were allocated to either waste or ore (0
and 1 respectively). In addition, the continuous
thickness of the ore and waste was measured. The
value of continuity was calculated in the composites at
1,2.5,5, 10, 15 and 20 meters (Fig. 6).Based on these
estimates and assessments, voxels should not be more
than 5 meters in height due to the increased stripping
ratio.

3-2. Optimizing the number of points involved in the
estimation of ore and waste boundaries

The minimum and maximum numbers of points
involved in the estimation of each voxel are the
important parameters [51, 52, 53]. To select the
optimum number of points, a minimum number of
points (2, 4, 6 and 8) and a maximum number (10, 12,
14, 16, 18 and 20) were tested in each case. Based on
these estimations, the minimum number of 2 points and
the maximum number of 10 points with accuracies of
81.53% as the number of optimal points for estimation
of ore and waste boundaries were selected (Table
3).The results of the validation are shown in Fig. 7.

3-3. Optimizing the discretization factor in the
estimation of ore and waste boundaries

It is essential to select the optimal discretization
factor in the estimation of a 3D block model. Most of
the geostatistical software packages, e.g. Datamine, are
estimated with respect to points. By applying this
parameter, the results are generally closer to the values
of the estimated block [54, 55]. Next, the Fe values are
estimated with different discretization factors based on
the previously mentioned parameters (Table 4). The
average of the estimated variance in the discretization
factor of 5 x 5 x 5m’ is less than the other scenarios
which were examined and therefore, this factor was
chosen as the optimal factor (Table 4).

Table 3. Different models to select the number of points
involved in the estimation of ore and waste boundaries

Minimum Maximum Point

Row Point No. No. Accuracy
1 2 10 81.53%
2 2 12 81.47%
3 2 14 81.41%
4 2 16 81.34%
5 2 18 81.29%
6 2 20 81.30%
7 4 10 81.50%
8 4 12 81.46%
9 4 14 81.40%
10 4 16 81.32%
11 4 18 81.28%
12 4 20 81.29%
13 6 10 81.50%
14 6 12 81.46%
15 6 14 81.40%
16 6 16 81.33%
17 6 18 81.28%
18 6 20 81.29%
19 8 10 81.50%
20 8 12 81.46%
21 8 14 81.40%
22 8 16 81.33%
23 8 18 81.28%
24 8 20 81.29%

Table 4. Result of optimization of discretization factor with
the average variance of the estimations

Discretization Factor Average of Variance

3x3%3 57.59
4x4x4 57.36
5x5%5 57.21
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Fig. 5. Anisotropic ellipsoid in the Dardevey deposit
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4. Block Modeling

Determination of the various voxel dimensions
within the 3D block model is important for reserve
evaluation and mine planning. [56] proposed using a
general method for the operation due to the geometrical
particulars of a deposit and grid drilling. As a result,
the voxels’ dimensions were calculated as follows:

A) Length of each voxel is 25 m, which is equal to half
of the distance between the drill cores in regard to the
least variability (longitudinal direction) of the deposit.
B) Width of each voxel is 12.5 meters, which is a
quarter of the distance between the drill cores.

C) Height of each voxel is 5 meters due to the
continuity of ore and waste thickness.

After determining the optimal size for each voxel, a 3D
block model of the deposit was generated as illustrated
in Fig. 8.

Fig. 8. 3D block model of the Dardevey deposit
Evaluation by OK and IDW

According to variography, the block model for Fe
values in the deposit was built up using both the OK
and IDW methods. However, estimation methods have
the weakness of both overestimation and
underestimation in areas where there is not an adequate
amount of data due to the lack of drill core
information. The density of sampling points along the
boreholes is very high, however, the sampling
information between holes is very limited. Therefore,
there is often an undesired overestimation or
underestimation when estimating points along the drill
cores [57]. This problem is obvious in the cumulative
distribution function of the estimated element (Fe). To
solve this problem, the cumulative distribution function
of the estimated values and the original values of each
variable (composite) were proposed and used. The
results are shown in Fig. 9. The function corrects the
points of overestimation and underestimation based on
the initial amount found using the OK method. This
equation in which Fe, and Fe, are the corrected and
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estimated values respectively is as follows:
Fe,=-1937014.3 + 2535647.8 Fe,”” — 1418173.4 Fe,
+ 43541146 Fee'” - 77044.283 Fe; + 6973.4109
Fe,/” - 31.637299 Fe,
— 62.705574 Fe,” + 6.5279055 Fe,’ — 0.2834302
Fe,"” +0.0045392155 Fe,’(2)

After correction of the assay values for both methods, a
grade-tonnage curve was generated for the different
assays as illustrated in Fig. 10.
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Fig. 9. Correction of estimated values of Fe variable; A) OK
method, B) IDW method

C-V Fractal Modeling

Based on the 3D models of the deposit using both the
IDW and OK methods, volumes corresponding to the
different Fe grades were calculated to derive a C-V
fractal model. Threshold values of Fe were recognized
in the C-V log—log plots for both methods (Fig. 11),
which revealed a power-law relationship between Fe
concentrations and volumes occupied. The depicted
arrows in the log—log plots show three distinct
threshold values (breakpoints) corresponding to
45.66%, 55.27% and 60.37% respectively of Fe using
the OK method and 41.48%, 50.12% and 55.14% of Fe
using the IDW method. For each method based on the
log—log plots, mineralized zones were separated into
four distinct categories: extremely, highly, moderately
and weakly mineralized zones, as shown in Table 5.
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Fig. 10. Curve of grade-tonnage; A) OK method and B) IDW
method

According to the C-V fractal model, most of the
extremely and highly mineralized zones were situated
in the SE part of the deposit (Fig. 12). However, small
highly mineralized zones were found in the NW part of
the deposit. It would seem that the major
mineralization has a trend of NW — SE.

Table 5. Separation of mineralized zones in the Dardevey
deposit based on three thresholds of Fe contents defined from
the C-V fractal model

OK Method
Mineralized zones Range Fe (%)
Extremely Mineralized Zone Fe>60.37

Highly Mineralized Zone
Moderate Mineralized Zone

55.27<Fe<60.37
45.66 < Fe <55.27

Weakly Mineralized Zone Fe <45.66
IDW Method

Mineralized zones Range Fe (%)
Extremely Mineralized Zone Fe>55.14

Highly Mineralized Zone
Moderate Mineralized Zone
Weakly Mineralized Zone

50.12<Fe<55.14
41.48 <Fe <50.12
Fe<41.48




Peyman Atzal et al. / Iranian Journal of Earth Sciences 6 (2014) / 78-90 87

A
OK Method
8
; -
EL N\ \
=
- \
E \
i
-
Sz
1
01.2 13 14 15 16 17 18 19
Grade (Log)
B
IDW Method
8
7 —
N
ol
e
: |
E 8
S | !
352 ! 1
, o |
,, | 1]
12 13 14 15 15 17 18 19
Grade (Log)

Fig. 11. C-V log-log plot for Fe concentrations based on OK
and IDW methods.

Error Estimation and Classification of C-V
Mineralized Zones

In ore estimation it is necessary to calculate the error of
each voxel and the classification of reserves. The
following formula for calculation of the estimation
error is used [58 - 61]:

% Error = (%) x 100 (3)

S, X and V are the standard deviations of each voxel,
assay of each voxel and the number of samples that are
participating in the grade estimation, respectively. Z is
the integer constant, which is 1.96 if the confidence
level is 95% or 1.64 if the confidence level is 90%. In
this study, the confidence level assigned to Z was 90%
hence a Z of 1.64 was used.

The reserves estimated by both the IDW and OK
methods are classified based on error estimation. The
JORC [62] method was selected to classify the
reserves, as shown in Tables 6 and 7. The classification
framework, based on the prepared code by the Joint
Ore Reserves Committee of the Australasian Institute
of Mining and Metallurgy, Australian Institute of
Geoscientists and Minerals Council of Australia (JORC
code), which is one of the international standards for
mineral resource and ore reserve reporting, provides a
template system that conforms to international society

requirements [63, 64].

Most estimated voxels using the OK method had low
values of error, which were generally lower than 20%
(Table 6) while several evaluated voxels by the IDW
method (about 19%) had error estimations between 20
and 40% (Table 7). Most parts of the estimated block
model derived via the OK method (higher than 99.7%)
were classified in the A category based on JORC
standard (Table 6). However, about 19% of the
estimated tonnages using the IDW method were
categorized in the B class (Table 7). Extremely, highly
and moderately mineralized zones obtained by the C-V
model based on the OK estimation method had lower
values of error, (lower than 20%). There are very low
values of weakly mineralized zones (0.22%) with
errors more than 20%, as depicted in Table 6. Unlike
the OK method, more than 15% of the mineralized
zones derived via the C-V modeling from the IDW
block model have error estimations greater than 20%,
especially between 20-40% (Table 7). Based on these
results, the C-V fractal modeling based on the
estimated data from the OK method generally has
higher accuracy compared to the IDW estimated block
model.

Table 6. Reserves classification based on JORC standard in
OK method

Greater than 60.37% (Extremely zone)

Error Average Grade (%) Tonnage (%) Classification
0% -20% 61.42 1.63 A

20% - 40% - - B

40% - 60% - - C

>60% - - Possible
Grand Total 61.42 1.63

Between 55.27% and 60.37% (Highly zone)

Error Average Grade (%) Tonnage (%) Classification
0% -20% 57.30 17.23 A

20% - 40% - - B

40% - 60% - - C

>60% - - Possible
Grand Total 57.30 17.23

Between 45.66% and 55.27% (Moderate zone)

Error Average Grade (%) Tonnage (%) Classification
0% -20% 50.79 37.15 A

20% - 40% - - B

40% - 60% - - C

>60% - - Possible
Grand Total 50.79 37.15

Less than 45.66 % (Weakly zone)

Error Average Grade (%) Tonnage (%) Classification
0% -20% 33.46 43.78 A

20% - 40% 21.51 0.12 B

40% - 60% 20.27 0.10 C

>60% - - Possible
Grand Total 33.30 54675513.36
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Fig. 12. Separation of mineralized zones based on thresholds
defined from the C—V fractal model; A) OK method, B) IDW
method.

Conclusions

Choosing the proper method for reserve estimation
with the minimum error is important in any
geostatistical and fractal/multifractal modeling. Most
of the fractal/multifractal models were defined based
on estimated data and the determination of a robust
method to estimate various types of data distributions
such as geochemical data. In this study, the block
models obtained from OK and IDW estimation
methods were generated and the error distribution in
both methods was examined within the deposit by
considering the C-V fractal model. Based on the JORC
standard, the error of the OK method was less than the
IDW technique in the C-V mineralized zones outlining
that 99.78% of the reserve had errors less than 20%.
Extremely, highly and moderately mineralized zones
have error estimations lower than 20% in the block
model constructed by OK. Based on the results
obtained using the IDW method, 19% of the C-V
mineralized zones have errors between 20 to 40%. As a
result, error estimation in the C-V mineralized zones

based on the OK block model is lower than the C-V
mineralized zones obtained using the IDW estimation
method. Therefore, the C-V modeling based on the OK
estimated block model has accuracies higher than those
resulting from the IDW technique due to the estimation
errors calculated in the Dardevey iron ore deposit.

Table 7. Reserves classification based on JORC standard in
IDW method

Greater than 55.14% (Extremely zone)

Error Average Grade (%) Tonnage (%) Classification
0% -20% 56.52 1.26 A

20% - 40% 56.03 0.13 B

40% - 60% - - C

> 60% - - Possible
Grand Total 56.47 1.38

Between 55.14% and 50.12% (Highly zone)

Error Average Grade (%) Tonnage (%) Classification
0% -20% 52.32 6.52 A

20% - 40% 52.20 2.16 B

40% - 60% 52.57 0.01 C

> 60% - - Possible
Grand Total 52.28 8.69

Between 41.48% and 50.12% (Moderate zone)

Error Average Grade (%) Tonnage (%) Classification
0% -20% 45.52 28.29 A

20% - 40% 45.75 8.45 B

40% - 60% 49.49 0.003 C

> 60% - - Possible
Grand Total 45.59 36.74

Less than 41.48% (Weakly zone)

Error Average Grade (%) Tonnage (%) Classification

0% -20% 34.83 45.14 A

20% - 40% 36.12 8.04 B

40% - 60% - - C

> 60% - - Possible

Grand Total 35.08 53.18
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