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Abstract 
In this paper, we aim to present a quantitative modeling for delineating the alteration 
zones and lithological units in the hypogene zone of Masjed-Daghi Cu-Au porphyry 
deposit (NW Iran) based on the drill core data. The main goal of this work is to apply 
Ordinary Kriging (OK) and concentration-volume (C-V) fractal model based on Cu 
grades in order to separate the different alteration zones and lithological units. Initially, 
anisotropy was investigated and modeled based on calculating the experimental semi-
variograms of the Cu values, and the main variography directions were identified and 
evaluated. Then a block model of the Cu grades was generated using the kriging, and the 
estimation obtained for OK was applied to the C-V fractal model. The C–V log–log plot 
based on the estimation method represents the various alteration and lithological zones 
via threshold values. The comparison and interpretation of the alteration zones and 
lithological units based on the C–V fractal modeling proved that the method was 
acceptable and capable of correctly delineating the alteration and lithological units. 
Regarding the correlation derived from log ratio matrix (used to compare the geological 
model with the C-V fractal results), it was observed that Cu values less than 0.4% were 
obtained for OK overlapped voxels with the phyllic alteration zone by an overall 
accuracy (OA) of 0.737. The spatial correlation between the potassic alteration zones 
resulting from a 3D geological modeling and the high concentration zones in the C-V 
fractal model based on OK indicated that the alteration zone contained Cu values greater 
than 0.4% with OA of 0.791. Also using this method, trustworthy results were obtained 
for the rock units. 

1. Introduction 
The lateral and vertical grade variability is 
affected by different factors including the rock 
type and alteration changes [1, 2]. Therefore, 
delineation of various alteration patterns and 
investigating their spatial variability is an 
important task for mining engineers and plays a 
significant role in grade distribution within 
porphyry ore deposits. Besides, predicting the 
spatial distribution of the grade within the 
porphyry ore deposit helps to better understand 
these grade-dependent processes [3, 4]. 
In the past decades, several methods and 
techniques have been utilized to delineate the 
alteration zones in hydrothermal including 

geological methods based on mineralographical 
and petrographical assemblages of minerals, 
geochemical investigations based on thin sections, 
X-Ray Diffraction (XRD), Electron Probe Micro 
Analyzer (EPMA), Scanning Electron Microscopy 
(SEM) and Portable Infrared Mineral Analyzer 
(PIMA), fluid inclusion studies in porphyry 
deposits, and investigation of isotope value 
variation in different zones of porphyry deposits 
[5-8]. 
Despite the great practicality and applicability of 
the mentioned methods, ore grade variability is 
not considered. Though, porphyry deposits based 
on grade variations in ore elements significantly 



Nikoogoftar Safa & Hezarkhani/ Journal of Mining & Environment, Vol. 10, No. 2, 2019 

340 
 

show zonation [4, 9]. On the other hand, a better 
geological interpretation of delineation alteration 
patterns and their spatial variability is obtained by 
taking the ore element grade values under 
consideration. Regarding the high importance of 
the grade in quantitative modeling, selection of a 
proper estimation method is significantly critical 
since the fractal/multi-fractal approaches, 
especially the Concentration-Volume (C–V) 
modeling, depend on concentration. A proper 
suitable estimation leads to a better detection of 
threshold values for an enhanced separation of the 
alteration zones [10]. In the last three decades, 
several methods such as geostatistical [11-13] and 
fractal and multi-fractal techniques [14, 15] have 
been applied for modeling the spatial variability 
and distribution of the surveyed uncertain data. 
The fractal and multi-fractal theory introduced by 
Mandelbrot (1982) has been broadly applied in 
different fields of geoscience such as 
geochemistry [16-18], geophysics [19-23], 
structural geology [24-26], ore reserve estimation 
[27, 28], and remote sensing [29, 30]. Over the 
last three decades, various fractal and multi-fractal 
models such as Concentration-Area (C-A)  
[31-33], Number-Size (N-S) [34-36], 
Concentration- Distance (C-D) [37],  
Spectrum–Area (S-A) [38-40], and (C-V) fractal 
models [41-44] have been widely applied in the 
mining engineering field. The C–V fractal model 
proposed by Afzal et al. (2011) is one of the 
important tools utilized to distinguish various 
populations with respect to the threshold values 
[41]. The C–V fractal model is also considered as 
a proper method to describe the spatial 
distribution of different attributes within the 
various ore bodies [42, 43]. In the C-V fractal 
model, concentration is considered as one of the 
most important components. Therefore, its 
accurate estimate is of great importance and 
enhance delineation of threshold values in the  
C-V fractal model. Hence, selecting a proper 
estimation method is considerably critical for the 
C–V modeling, which behaves towards detection 
of threshold values for separation of alteration 
zones and rock units [10]. 
Geostatistical tools have been considered as a 
powerful technique for the spatial modeling of 
reservoir heterogeneities, predicting spatial 
attributes, and the purpose of uncertainty. The 
application of the mentioned technique has 
increased significantly since 1990s [44-46]. The 
kriging method, as a geostatistical interpolation 
technique, is an optimal and linear unbiased 
spatial estimator that minimize the variance [47]. 

The underlying assumption of geostatistics is that 
both the mean and covariance are stationary. The 
geostatistical methodology begins with two major 
steps, i.e. structural analysis and kriging. Over the 
past 50 years, many researchers have used various 
geostatistical methods for ore grade modelling 
including simple kriging (SK), ordinary kriging 
(OK), lognormal kriging, indicator kriging,  
co-kriging, universal kriging, residual kriging, 
moving window regression residual kriging, 
disjunctive kriging, and stochastic simulation such 
as sequential Gaussian simulation (SGS) and 
Sequential Indicator Simulation (SIS) [48, 49]. 
This article follows two goals. At first, OK and 
SK are applied to estimate the block model of Cu 
grades in hypogene zone of Masjed-Daghi Cu-Au 
porphyry deposit in NW Iran, and the results 
obtained are compared. Secondly, the OK and  
C-V fractal modelings are used to delineate the 
alteration zones and rock units in the hypogene 
zone of the case study. 
The rest of the paper is organized as what follows. 
In Section 2, the regional geology, geological 
setting, and alteration of the case study are 
described. In Section 3, the borehole dataset and 
statistical calculations are described. The 
overview of the methods and their principles, 
advantages, and limitations are drawn in Section 
4. In Section 5, the results obtained are discussed. 
Finally, in Section 6, conclusions are presented. 

2. Case study 
Porphyry copper deposits (PCDs), as the most 
important copper sources, include nearly  
three-fourths of the world’s copper [50]. The 
various igneous rocks such as quartz monzonite 
(e.g. Butte, Montana deposit), diorite (e.g. 
Caspiche, Chile deposit), granodiorite (e.g. 
Cananea, Mexico deposit), quartz diorite (e.g. 
Miduk, Iran deposit), andesite, dacite, and 
monzonite are the most commonly reported rock 
types hosting PCDs [51-54]. 
PCDs are generally located in the  
Urumieh-Dokhtar Magmatic Belt (MDMB) in 
Iran (Figure 1), formed during the subduction of 
Arabian plate under central Iran in alpine orogeny 
era [55, 56]. MDMB hosts the largest known 
PCDs of Iran including Sungun and  
Sar-Cheshmeh, which are currently mined and 
located in NW and SE parts of this tectonic belt, 
respectively. These economic deposits are 
associated with mid to late Miocene 
diorite/granodiorite to quartz-monzonite stocks 
(Figure 1) [57, 58]. 
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The Sungun porphyry stock is located in the 
Oligocene–Miocene rocks. They intruded to the 
Cretaceous carbonate and Eocene  
volcano-sedimentary rocks [2]. This economic 
deposit comprises more than 900 Mt ore at grade 
of 0.76% Cu and 0.06% Mo. The Sar-Cheshmeh 
porphyry that belongs to Miocene era intruded to 
Eocene andesite, and consists of 1,200 Mt ore at 
an average grade of 0.64% Cu, 0.27 g/t Au, 3.9 g/t 
Ag, and 0.03% Mo [57, 58]. Moreover, in the 
central part of this belt, many deposits of 
porphyry, and epithermal systems such as Miduk, 
Gor-Gor or Kahang, Sari Gunay, Dalli,  
Agh-Darreh, Zar-Shuran, Darreh- Zerreshk,  

Ali-Abad, and South Ardestan deposits can be 
found (Figure 1) [59-62]. 
Masjed-Daghi, as a case study here, is located at 
Julfa sheet (1:100,000 series) in NW of Iran. The 
area is composed of a very likely gold 
mineralization bearing epithermal mineralization, 
which appears to be associated with a porphyry 
Cu–Mo system at deeper levels [63, 64]. This 
exploration area, which seems to be prone to 
porphyry and/or epithermal mineralization, is 
located at the northern latitudes 38°52′03″–
38°53′03″ and eastern longitudes 45°56′03″–
45°58′28″ in Julfa sheet. The geological 
investigations and prospects in Masjed-Daghi area 
have started since 2003 [63, 64]. 

 

 
Figure 1. Location of the porphyry and epithermal ore deposits at MDMB in Iran [63], and the geological map of 

Masjed–Daghi area in scale 1:5,000 [63, 64]. 
 
2.1. Geology and mineralization 
The oldest observed rock units in this case study 
belong to the Eocene flysch-type sediments, and 
the other outcrops mainly involve Oligocene 
volcanic rocks with andesitic to trachyandesitic 
compositions. They are intruded by a shallow 
quartz monzonite porphyry intrusion (Figure 1). 
The studied area consists of the Cenozoic and 
Quaternary rocks. The rock units are as follow: 
Eocene flysch, andesite, trachyandesite, dacite, 
rhyodacite, Oligocene agglomerate, and 
Quaternary deposits as traces, sand dune, and 
river flood sediments [63, 64]. During the 
Pyrenean phase, igneous rocks injected into the 
flysch sediments of Eocene, and then Azerbaijan 
plate was broken by intensive movements in 
Miocene [63, 64], though the extrusion of magma 
is also possible (Figure 1). 
Previous research works have reported the 
existence of the gold, copper, lead, and zinc 
mineralization in this area. The Masjed–Daghi 
deposit is PDs, and associated with medium 

sulfidation copper–gold veins and veinlets [63, 
64]. Genetically, this deposit is related to 
magmatic-hydrothermal, and in term of 
paragenesis, it is associated with minerals such as 
chalcopyrite, barite, malachite, azurite, galena, 
and gold. The maximum and average amount of 
Au in the silicic veins is 40 and 2.5 g/ton, 
respectively, within 1 ton tonnage [63, 64]. 
The minerals such as pyrite, chalcopyrite, 
molybdenite, sphalerite, galena, and Fe oxides in 
brecciated quartz and quartz–barite veins as well 
as stockworks associated with porphyry system 
are possible locations to mineralization. In the 
Masjed-Daghi exploration area, the epithermal 
system is related to a porphyry Cu–Mo system in 
deeper levels. This claim is confirmed by the 
occurrence of phyllic and potassic alterations as 
well as the abundant contents of Cu (1,000 to 
>10,000 ppm) and Mo (50–400 ppm) observed in 
the samples from drill cores and sparse trenches 
[63, 64]. 
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3. Borehole dataset 
The borehole dataset plays an important role in 
geoscience investigations in both mineral 
exploration and grade estimation. A total of 50 
boreholes were drilled in the studied area, 16 of 
which belonged to the pre-drilled boreholes (BH 
series) with a total length of 1882.3 m, and 34 
boreholes were related to MAD series boreholes 
with a total length of 15015.95 m (Figure 2). The 
dataset included the collars, lithology, down-hole 
survey, and assay. The other acquired data were 
zone, alteration, mineral, and recovery. The 
dataset for assay was analyzed by the ICP-MS 
method at the Zarazma laboratory, Tehran. Based 
on the mineralogical, geological, and geochemical 
results, it was found that the case study was 
favorable for the mineralization of Cu. The data 
was validated and subjected to the statistical 
analysis. The histogram and descriptive statistics 
of copper grades from 8267 samples in the 
hypogene zone of the case study are shown in 
Figures 3 and 4 and Table 1. The statistical 
parameters of Cu grade based on lithology and 
alteration in the hypogene zone of the case study 
are also shown in Tables 2 and 3, respectively. 
Accordingly, two lithology units consist of diorite 
and andesite, and two alteration zones composed 
of potassic and phyllic account for more than 90% 
of the data length. The Cu regionalized variable 
was modeled by a second-order stationary random 
function. There was no trend of Cu concentration 

in any direction; this means that Cu concentration 
does not depend on the coordinates of samples 
(Figures 5(a-c)). Consequently, assumptions of 
the stationary function are tenable. 
 

 
Figure 2. Borehole location map of Masjed-Daghi 

deposit.  

 
Table 1. Statistical parameters of Cu element in boreholes (raw values). 

Element Detection limit Length Min. Max. Mean Variance St. deviation Skewness Kurtosis 
Cu 1 ppm 16898.25 0 2.37 0.21 0.03 0.17 1.56 5.13 

 

 
Figure 3. Histogram of the raw data in the hypogene zone of Masjed-Daghi deposit. 
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Figure 4. Histogram of the regularized data in the hypogene zone of Masjed-Daghi deposit. 

 

 
(a) 

 
(b) 

Figure 5. Variability of Cu concentration in (a) east–west direction, (b) north–south direction, and (c) depth 
within the hypogene zone of Masjed-Daghi deposit. 
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(c) 

Figure 5. Continued. 
 

Table 2. The statistical parameters of Cu grade based on lithology in the hypogene zone. 

ROCK type Length Length% Cu 
Min. Max. Mean 

ALL 653.7 3.86 0 0.31 0.06 
ANS 4836.2 28.61 0 1.04 0.16 
CLS 491.5 2.90 0.03 1.22 0.34 
DAC 364.3 2.15 0.003 0.45 0.05 
DIO 10499.05 66.028 0 2.37 0.24 
NA 8 0.047 0.018 0.018 0.018 

QZL 29.4 0.17 0.01 0.504 0.14 
TUF 16.1 0.095 0.009 0.023 0.013 

ANS = Andesite, ALL = Alluvium, DAC = Dacite, DIO = Diorite, TUF = Tuff, QZL = Quartzolite, CLS = Core Loss. 
 

Table 3. The statistical parameters of Cu grade based on alteration in the hypogene zone. 

Alteration type Length Length% Cu 
Min. Max. Mean 

ARG 84.3 0.49 0.072 0.784 0.325 
CHL 44 0.26 0.02 0.1 0.058 
NA 1151.45 6.81 0 1.22 0.15 

PHY 3705.9 21.93 0 1.04 0.158 
POT 9847.45 58.32 0 1.38 0.248 
PRP 16.1 0.09 0.009 0.023 0.0137 
SER 8.4 0.04 0.181 0.419 1.246 
SLC 158.35 0.93 0.007 0.93 0.134 

BLANK 1882.3 11.13 0.001 2.37 0.14 
ARG = Argillic; CAL = Calcified; CHL = Chloritic; PHY = Phyllic; POT = Potassic; PRP = Propylitic; SLC = Silicified; NA = Not Applicable. 

 
4. Methodology 
4.1. Geostatistics 
Over the past decades, different methods of spatial 
interpolation have been presented by numerous 
researchers. These methods are mostly related 
together and have similar principles. The spatial 
interpolation models are categorized into two 
classes: (a) mechanical/deterministic and (b) 
statistical/probability. The mechanical models are 
based upon empirical parameters, which include 
techniques such as Inverse Distance Interpolation 
(IDW) and Splines. The error estimation is not 
considered in such methods. In contrast, the 
parameters of the statistical/probability techniques 

are estimated based on probability principals and 
considered the error estimation. Kriging is one of 
the most important statistical/probability models, 
which is based on the “theory of regionalized 
variables” [65, 66]. The kriging technique consists 
of two basic steps. The first step is the estimation 
of the semi-variogram by sample training data, 
given by: 

 
n (h)

2

i 1

1(h) z(i) z(i h)
2.n(h) 

     (1) 

where (h) is the estimated semi-variance, n(h) is 
the number of pairs observed [z(i), z(i+h)], and h 
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is the distance between the pairs. The second step 
is predicting at unknown spatial coordinates 
through a linear combination of measured values 
shown by: 

n
*

0 i i
i 1

z (x ) .z(x )


   (2) 

where z*(x0) is the estimated value for any x0 
location, n is the number of measured values z(i), 
z(xi) is the value involved in the estimation, and i 
is the attached weight to each measured value z(i). 
The best estimator is always unbiased and has a 
minimum variance. Therefore, the kriging system 
is deduced as: 

n

j i j i 0
j 1

. (x ,x ) (x ,x )


       (3) 

where i 0(x ,x )  is the semi-variance function of 
a vector with an origin at xi and extremity at x0; 

i j(x ,x )  is the semi-variance function of a vector 
with an origin at xi and extremity at xj; and  is 
the Lagrange multiplier [66]. 

4.1.1. Simple kriging (SK) 
The average value of the entire dataset is used in 
SK. The details of SK have been given by Journel 
and Huijbregts. The estimation of SK based on 
Eq. (1) is calculated by Eq. (4): 

n n

0 i i i
i 1 i 1

ẑ(x ) Z(x ) 1
 

 
      

 
   (4) 

where μ is the stationary mean, which is assumed 
constant over the whole domain and calculated as 
the average of the data. This estimator is utilized 
to assess residuals from this reference value given 
a priori, and therefore, it is referred to as “kriging 
with known mean”. The number of sampled 
points used to make the estimation in Eq. (4) is 
determined by the range of influence of the  
semi-variogram. It is not necessarily 0, as the lack 

of bias condition 
n

i
i 1

1


 
  

 
  in SK; the greater 

the value of 
n

i
i 1

1


 
  

 
 , the more the estimator 

will be drawn toward the mean; in general, the 

value of 
n

i
i 1

1


 
  

 
  increases in relatively poor 

sampled regions. The second-order stationary is 
assumed in SK, which is constant mean, variance, 
and covariance over the domain or the region of 

interest. OK (no a priori mean) is most often used 
because such an assumption is too restrictive  
[67-69]. 

4.1.2. Ordinary kriging (OK) 
OK is the standard and most frequently used 
estimation technique in ore grade prediction. The 
observational data of a variogram model, which is 
interpreted from all the data within the area, is 
used in this method to estimate a value at a  
non-sampled location in a region of interest. OK 
is also applied to estimate the block grades. 
Ordinary block kriging implicitly calculates the 
mean in a moving neighborhood, while minimizes 
the error under the second-order stationary 
assumption [70-72]. 
In mathematical terms, OK is a spatial 
interpolation estimator 0Ẑ(x )  that is applied to 
find the best linear unbiased estimation of a 
second-order stationary random field with an 
unknown constant mean, as follows: 

n

0 i i
i 1

Ẑ(x ) Z(x )


   (5) 

where 0Ẑ(x )  is the kriging estimation at a  
non-sampled location x0; Z(x0) is the sampled 
value at location xi; and I is the weight factor of 
Z(xi). The estimation error is Eq. (6): 

N

0 0 0 i i 0
i 1

Ẑ(x ) Z(x ) R(x ) Z(x ) Z(x )


      (6) 

where Z(x0) is an unknown true value at x0 and 
R(x0) is the estimation error. For an unbiased 
estimator, the mean value of the estimation error 
must be equal to zero. Therefore, 

E{R(x0)} = 0 (7) 

and 
N

i
i 1

1


   (8) 

For solving the interpolation problem by kriging, 
the minimum variance of the estimation error is 
required [72, 73]. 

4.2. C-V fractal method 
The C-V fractal model was first developed from 
2D C-A fractal model to 3D by Afzal et al. 
(2011). This model separates various 
mineralization zones in order to characterize the 
distribution of major, minor, and trace element 
concentrations in relation to the Iranian Cu 
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porphyry deposits [41]. The general formula is as 
follows (Eq. (9)): 

1 2( ) ; ( )a aV r V r         (9) 

where V(ρ≤υ) and V(ρ≥υ) represent the volumes 
with concentration values (ρ) less than or equal to 
and greater than or equal to the contour values (υ); 
and α1 and α2 are the characteristic exponents. In 
the log-log plots of concentration contours versus 
volumes, certain concentration contours 
representing breakpoints in the plots are 
considered the threshold values separating 
geochemical populations in the data [42, 43]. 

5. Result and discussion 
5.1. Results of OK and SK 
The data described in Section 3 was used to 
estimate the Cu grade. However, prior to the 
kriging calculations, it was necessary to carry out 
a series of data preprocessing. The first task in 
dealing with data preprocessing is to determine 

and treat the high-grade values designated as 
outliers. These values dramatically impact 
statistical analysis and interpretation. Outlier  
high-grade values may transform a mineral 
occurrence into an economic mineral deposit, and 
might be sufficient to justify the development of a 
mining project [74]. There are various methods 
available to mitigate and control the impact of the 
high grade data on the resource estimation. In this 
work, the box plot and probability plot (Figure 6) 
was used to remove outliers [75]. Composite is 
another significant issue in data preprocessing. 
Moreover, using equal support (volume) samples 
is an important matter in estimation. That is why 
the data was composited to equal lengths [76]. 
Here, the data for Masjed-Daghi resource analysis 
by OK was taken from 2 m composites. The 
lowest loss length was obtained regarding this 
composite length, while the Cu grade and variance 
of Cu were similar to the original data. 

 

 
Figure 6. Box plot (left) and probability plot (right) used to remove outliers. 

 

5.1.1. Variography 
The data variography for OK and SK is the next 
step after data preprocessing. Considering the 
random spatial variation and randomness, the 
variogram function reflects the structure of spatial 
variability of a regionalized variable. Variogram 
is then the best method available to describe the 
spatial dependencies in a covariance stationary 
process. 
Mineralization is considered anisotropic due to the 
different behaviors in every direction. 
Consequently, it is necessary to conduct 
individual analyses in multiple directions to 
determine the correct spatial structure. As the 
experimental variograms display various 
behaviors in different directions, an anisotropic 
variogram model is required to be fitted to them. 
In general, the variogram has directional 
properties in more than one dimension. The 
variography is carried out using Data mine 

Software. 
An omnidirectional semi-variogram of raw data 
along azimuth of 00°, Plunge of 00°, spread of 
90°, and lag spacing of 40 m follows a spherical 
model with a nugget effect of 0.052 (%)2, which 
reaches a sill of 0.020 (%)2 at a range of 204 m 
(Figure 7-a). In order to investigate anisotropy, 
directional semi-variograms are calculated and 
modelled considering different directions with 30° 
horizontal angular increments, 15° horizontal 
angular tolerance, 30° vertical angular increments, 
and 15° vertical angular tolerance in the hypogene 
zone of porphyry ore deposit. The ore deposit 
contains anisotropy because most of the 
variograms are in different ranges. The main 
directions resulting from variography for 3 main 
directions of the search ellipsoid are presented in 
Figures 7(b)-(d). The parameters of the directional 
semi-variogram model are shown in Table 4. 
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(a) 

 

(b) 

 

(c) 

 

(d) 

 
Figure 7. Experimental semi-variogram and appropriate fitted model of (a) omnidirectional semi-variograms 

and (b) directional semi-variograms with Azimuth = 60; Dip = 30 (c) directional semi-variograms with Azimuth 
= 150; Dip = 0 (d) directional semi-variograms with Azimuth = 240; Dip = 60 for 3 main directions of the search 

ellipsoid in the hypogene zone of Masjed-Daghi deposit. 
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Table 4. Parameters of the directional semi-variogram for 3 main directions of the search ellipsoid in the 
hypogene zone of Masjed-Daghi deposit. 

Variogram model Azimuth Dip nugget effect (%)2 Range (m) Threshold (%)2 

Spherical 60 30 0.004 147 0.030 
Spherical 150 0 0.004 238 0.030 
Spherical 240 60 0.004 223 0.030 

 
In order to validate the fitted model to the 
hypogene zone variogram, the cross-validation 
method was applied. The correlation coefficient of 
the estimated and actual values was equal to 80%, 
which is acceptable. 

5.1.2. Results of SK and OK 
The theory of methods was applied to the  
Masjed-Daghi copper deposit in order to verify 
the practical efficacy of OK and SK to estimate  
un-sampled location values. To estimate Cu%, the 
OK and SK methods were used to get estimations 
at points on a grid 10 m × 10 m × 10 m. The 
estimation and 3D modeling process was started 
from the elevation of 0 to 800 m above the sea 
level in the mine. The start levels in the east and 
north directions were from 581113 to 582043 m 

and from 4303279 to 4304159 m, respectively. 
The estimation of SK for Cu concentration in 
different elevations (above the sea level) is shown 
in Figure 8. In addition, the estimation of OK for 
Cu concentration in different elevations is also 
shown in Figure 9. 
A 3D modeling of the grade in an ore deposit has 
lots of advantages. Therefore, the robust 
evaluations and judgments about different parts of 
the ore deposit depend on a careful execution of 
the process. The 3D model of Cu grade by the SK 
and OK methods in the Masjed-Daghi copper 
deposit are shown in Figures 10 and 11, 
respectively. These models were generated by 
Data mine Software Package. 

    

a) 

 

b) 

 

c) 

 

d) 

 
Figure 8. SK estimation for Cu concentration in elevation a) z = 300, b) z = 400, c) z = 500, and d) z = 600 m in 

Masjed-Daghi copper deposit. 
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a) 

 

b) 

 

c) 

 

d) 

 
Figure 9. OK estimation for Cu concentration in elevation a) z = 300, b) z = 400, c) z = 500, and d) z = 600 m in 

Masjed-Daghi copper deposit. 
 

 
Figure 10. 3D model of the estimations of Cu concentration by SK in Masjed-Daghi copper deposit. 

 

 
Figure 11. 3D model of the estimations of Cu concentration by OK in Masjed-Daghi copper deposit. 



Nikoogoftar Safa & Hezarkhani/ Journal of Mining & Environment, Vol. 10, No. 2, 2019 

350 
 

The statistical calculations carried out showed that 
the mean concentration of Cu (%) in the original 
data was 0.269 (%). The mean value of SK was 
0.267 (%)in comparison with the mean value of 
OK that was 0.272 (%). The resulting estimations 
by the SK method were near the average 
concentration of Cu (%) in the original data. In 
addition, the minimum value for the OK estimator 
was 0.0036 (%) as against 0.005 (%) in the case of 
the SK methods. The maximum values for OK 
and SK were 1.383 (%)and 1.22 (%), respectively. 
It means that simple kriging overestimates the low 
true value and underestimates the high true value. 
On the other hand, SK tries to gather all the 
estimations near the mean value without 
considering the spatial data structures, although 
there is more similarity between the Ok 
estimations and true values. As a result, SK is less 
accurate than OK. Consequently, the model 
obtained by OK is more accurate, and a future 
economic decision by its results is more reliable. 

5.2. Results of C-V fractal model 
The C–V fractal model is considered as a proper 
method to describe the spatial distribution of 
different attributes (ore elements in this scenario) 
within the various ore bodies. Using the 3D model 
of Cu distribution obtained from OK in the 
porphyry ore deposit, the C–V log-log plot was 
calculated (Figure 12). The data pairs of the 
concentrations and volumes were projected to the 
log–log graphs, and linear regression was applied 
to fit straight lines. The coefficient of 

determination R2 (0 ≤ R2 ≤ 1) was calculated to 
evaluate the effect of linear regression. The 
regression line was established via adjusting it to 
achieve the largest coefficient of determination. 
Consequently, one threshold value and two 
population values were obtained (Table 5). 
The alteration and lithological models play key 
roles in zone delineation and also in presenting the 
geological models. Potassic alteration in the 
Lowell and Guilbert model is the host of the high 
grade Cu mineralization, and is located in the 
central part of the Cu porphyry deposits [1]. 
Moreover, rocks such as diorite are also the host 
of the high grade Cu mineralization. The 3D 
geological model of alteration zones and 
geological units generated by the geological drill 
core data in the Data mine v.3.24 software are 
shown in Figures 13 and 14, respectively. 
In order to calculate the spatial correlation 
between two binary models, especially the 
mathematical and geological ones, the logratio 
matrix [77] was applied. Comparison between the 
C-V fractal model results, the geological model of 
the alteration zones and the lithological units were 
carried out to obtain the number of overlapped 
voxels (A, B, C, and D). Type I error (T1E), Type 
II error (T2E), and overall accuracy (OA) of 
different fractal populations were estimated for 
each alteration zone using the obtained numbers 
[77]. The results obtained were tabulated in 
Tables 6-9. 

 

 
Figure 12. C-V fractal log-log plot resulting from OK modeling within the hypogene zone. 

 
Table 5. Cu threshold values identified using the C-V fractal modeling for the OK results.  

Cu (%) threshold value (OK) Population 
0 Cu (%) < 0.4 Population 1 

0.4 Cu (%) < 1.38 Population 2 

y = -0.2466x + 7.7437
R² = 0.8742

y = -9.154x + 3.5374
R² = 0.9779
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(a) 

 
(b) 

Figure 13. Alteration in the hypogene zone of Masjed-Daghi based on the geological model: a) potassic and b) 
phyllic. 

 

 
a) 

 
b) 

Figure 14. Rock units in the hypogene zone of Masjed-Daghi based on the geological model: a) Diorite, b) 
Andesite. 
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Table 6. OA, T1E, and T2E resulting from the comparison between the potassic alteration zone in the 3D 
geological model and the threshold values of Cu in the C–V fractal model obtained for the hypogene zone. 

Potassic alteration of geological model 

   Inside zone  Outside zone 
Fractal model Inside zone  True positive (A)  False positive (B) 

 Outside zone  False negative (C)  True negative (D) 

   Type I Error =  Type II Error = 

   C/(A + C)  B/(B + D) 

   Overall accuracy = (A + D)/(A + B + C + D) 

   Potassic alteration of geological model 

   Inside zones  Outside zones 

C–V fractal model 
(0.4 ≤ Cu) 

Inside zones  A 46531  B 25279 
Outside zones  C 14455  D 103353 

  T1E 0.237  T2E 0.196 

   OA 0.791     
Table 7. OA, T1E, and T2E resulting from the comparison between the phyllic alteration zone in the 3D 

geological model and the threshold values for Cu in the C–V fractal model obtained for the hypogene zone. 

 
Table 8. OA, T1E, and T2E resulting from the comparison between the Diorite unit in the 3D geological model 

and the threshold values for Cu in the C–V fractal model obtained from the hypogene zone. 
 

 
Table 9. OA, T1E, and T2E resulting from the comparison between the Andesite unit in the 3D geological model 

and the threshold values for Cu in the C–V fractal model obtained from the hypogene zone. 

 
6. Conclusions 
In order to delineate the spatial structures of ore 
zones, the geological models should be 
constructed based on the borehole data. Ore 
grades are not usually considered in the 
conventional methods, while variations in this 
parameter are the most obvious and salient 
features. Uncertainty occurs in logging a drill 
core, alteration, and rock unit recognition during 
the geological study, and in the correlation 
detected between the grade distribution and 
alteration, and rock unit patterns. This reveals that 
ore grades can be used to find the spatial structure 
of alteration zones and rock units. The 

quantitative model that was produced in this 
process resulted in a qualitative model of 
alterations and rock units. In order to construct 
this model, multiple mathematical analyses such 
as the kriging estimation and the C-V fractal 
models can be used. Mathematical tools such as 
the OK and C-V fractal models were applied 
together in this work to separate different 
alteration zones and rock units in the hypogene 
zone of the Masjed-Daghi Cu-Au porphyry 
deposit, NW Iran. At first, the applicability of OK 
for ore grade estimation was examined. The 
outcome was compared with SK. SK produced a 
result that was smoother, and the results obtained 

   Phyllic alteration of geological model 

   Inside zones  Outside zones 

C–V fractal model 
(0<Cu<0.4) 

Inside zones  A 46479  B 35305 
Outside zones  C 14489  D 93361 

  T1E 0.237  T2E 0.274 
   OA 0.737    

   Diorite lithology of geological model 

   Inside zones  Outside zones 

C–V fractal Model 
(0.4 ≤ Cu) 

Inside zones  A 6839  B 64971 
Outside zones  C 1155  D 103390 

  T1E 0.144  T2E 0.386 

   OA 0.625    

   Andesite lithology of geological model 

   Inside zones  Outside zones 

C–V fractal model 
(0.4 ≤ Cu) 

Inside zones  A 6547  B 75255 
Outside zones  C 1447  D 93398 

  T1E 0.181  T2E 0.446 

   OA 0.566    
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showed that simple kriging could be less accurate 
than ordinary kriging. The model obtained by 
ordinary kriging was found to be more accurate, 
and a future economic decision by ordinary 
kriging results was more reliable. Then the 
estimation obtained for OK was applied to the  
C-V fractal model. Implementing the C-V fractal 
modeling on the results derived from OK led to 
the separation of different grade populations, and 
consequently, different alteration zones and rock 
units. According to the correlation derived from 
the log ratio matrix, which was used to compare 
the geological model and quantitative modeling 
obtained from the C-V fractal model and Ok, 
showed that Cu values less than 0.4% obtained for 
OK had overlapped voxels with the phyllic 
alteration zone by an overall accuracy (OA) of 
0.737. The spatial correlation between the potassic 
alteration zones resulting from 3D geological 
modeling and the high concentration zones in the 
C-V fractal model based on OK indicated that the 
alteration zone contained Cu values greater than 
0.4% with OA of 0.791. As expected, the models 
obtained supported the Lowell-Guilbert (1970) [1] 
model of alteration zones in the porphyry copper 
deposits. Also trustworthy results were obtained 
for rock units using this method. 
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  چکیده:

طال مسجد داغی (شـمال غـرب    -شناسی در زون هیپوژن نهشته پورفیري مس هاي دگرسانی و واحدهاي سنگ سازي کمی براي تعیین زون در این پژوهش، مدل
حجم بـر اسـاس عیارهـاي     -هاي مغزه حفاري ارائه شده است. هدف اصلی این پژوهش به کار بردن کریجینگ معمولی و مدل فرکتال غلظت داده اساس برایران) 
بـی  هـاي تجر  واریـوگرام   -شناسی مختلف است. در ابتدا، انیزوتروپی بررسی و بر اساس محاسبه نیم هاي دگرسانی و واحدهاي سنگ منظور جداسازي زون  مس به

 دست بهمین عیارهاي مس مدل شد و سپس جهات اصلی واریوگرافی شناسایی و ارزیابی شد. سپس، مدل بلوکی عیار مس با استفاده از کریجینگ تولید شد و تخ
و واحـدهاي   هـاي دگرسـانی   حجـم مبتنـی بـر روش تخمـین زون     -لگـاریتم غلظـت   -حجم به کار برده شد. نمودار لگـاریتم  -آمده از کریجینگ در مدل غلظت

 حجم -سازي فرکتال غلظت شناسی بر اساس مدل هاي دگرسانی و واحدهاي سنگ شناسی مختلفی را از طریق مقادیر آستانه نشان داد. مقایسه و تفسیر زون سنگ
ستگی به دست آمده از مـاتریس  شناسی است. با توجه به همب هاي دگرسانی و واحدهاي سنگ نشان داد که روش قابل قبول است و قادر به شناسایی درست زون

درصـد بـه    4/0مساحت)، مشاهده شد که مقادیر مـس کمتـر از    -شناسی با نتایج مدل فرکتال غلظت (استفاده شده براي مقایسه مدل زمین log ratioلگاریتم 
همبستگی فضایی بین زون دگرسانی پتاسیک دارند.  737/0هاي همپوشانی با زون دگرسانی فیلیک با صحت کلی  دست آمده از روش کریجینگ معمولی وکسل

حجم مبتنی بر کریجینگ معمولی نشان داد که زون دگرسانی  -هاي غلظت باال در مدل فرکتال غلظت بعدي و زون شناسی سه  سازي زمین به دست آمده از مدل
ه از این روش، نتایج ارزشمندي براي واحدهاي سنگی بـه دسـت   است. همچنین با استفاد 791/0درصد با صحت کلی  4/0پتاسیک مطابق با مقادیر مس باالتر از 

  آمد.
  حجم، نهشته مس مسجد داغی. -دگرسانی، کریجینگ معمولی، کریجینگ ساده، غلظت کلمات کلیدي:

 

 

 

 


