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This work aims to investigate the geochemical signatures of the Cu porphyry deposit
in the Dalli area using the geochemical soil samples. At the first step, the geochemical
data was opened using the Centered Log-Ratio (CLR) transform method. Then those
outlier samples that reduce the accuracy of the geochemical models were detected and
removed using the Mahalanobis Distance (MD) method. We applied the Principal
Component Analysis (PCA) and Geochemical Mineralization Prospectivity Index
(GMPI) methods on the cleaned transformed geochemical dataset. The PCA method
identified five principal components (PCs), from which PCI including Cu, Au, and
Mo, are specified as the mineralization factor (MF). The GMPI approach can improve
the multivariate geochemical signature in geochemical mapping. Hence, the GMPI
values of the samples were calculated based on the score values of MF (Cu, Au, Mo).
Theresults convey that the large values of GMPI (MF) (Cu, Au, Mo) strongly correlate
with the quartz diorite porphyry rocks and potassic alteration zones. The GMPI (MF
(Cu, Au, Mo)) index was modeled using the Concentration-Number (C-N) fractal
method. The C-N fractal model identified four geochemical populations based on the
different fractal dimensions. The geochemical anomaly map of GMPI (MF) (Cu, Au,
Mo) was delineated using these classified populations. The obtained promising areas
were validated adequately by more detailed exploration works and deep drilled
boreholes as well. The Cu-Au mineralization potential parts are appropriately mapped
by this hybrid method. The results obtained demonstrate that this scenario can be
adequately used for geochemical mapping on local scales.

1. Introduction

Commercially mineral deposits are generally
prospected using the geoscience datasets such as the
geological, geochemical, and geophysical data.
Concerning the conceptual exploration models of ore
deposit types, the relevant data is gathered and
processed to produce the spatial geo-information.
This valuable information aims to specify the
anomaly areas that have more chance of associating
with a probable mineral deposit [1, 2]. The
geochemical  anomalies are the enriched

E Corresponding author: Hssn.Mahdiyanfar@gmail.com (H. Mahdiyanfar).

concentration areas of some indicator or pathfinder
elements related to the ore-forming. The importance
of geochemical anomaly mapping is undeniable for
mineral prospectivity mapping [3, 4]. The anomalous
areas in various media (e.g. soils, rocks, and stream
sediments) are distinguishable from the background
when the threshold values are correctly identified [1,
5]. The geochemical anomaly mapping and
geochemical society discrimination have always
been fundamental challenges in a geochemical data
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analysis [6—8]. The threshold value modeling can be
carried out via two groups of methods: traditional
and modern types, which are also known as the
frequency-based and spatial frequency-based
approaches, respectively [1, 6, 9, 10].

In addition to data frequency, which is merely an
essential parameter for traditional approaches,
modern methods consider some other types of geo-
information. Geographical coordinate of samples,
geometrical aspects like shape, orientation, and
fractal dimensions of geochemical anomalies are the
most critical spatial features taken into account by
modern methods.

The geochemical anomaly mapping methods are
based on the uni-element and multi-element analysis
approaches.

PCA, as a familiar multi-element technique, has
been frequently applied to study the inter-element
relationships of the geochemical datasets [11-16].
The inter-element variations that reflect the dominant
geochemical process can be recognized using PCA
[1]. PCA has been utilized for the geochemical
interpretation and identification of paragenetic
elements of mineralization in the spatial domain [11,
17], frequency domain [18], and wavelet domain [19,
20]. In this work, the extracted MF from PCA was
modeled using GMPI.

The GMPI introduced by Yousefi et al. is a
technique for fuzzifying the geochemical data [21].
They demonstrated that applying GMPI as the fuzzy
weight of samples could increase and enhance the
geochemical anomaly intensity. Some studies have
applied GMPI as evidential scores to improve
geochemical prospecting [22-26]. The GMPI values
as the multi-element signatures can be modeled using
the anomaly separation methods such as fractal
geometry approaches.

The fractal/multi-fractal methods have been
extensively applied to classify the geochemical data
based on the fractal geometry dimensions. The scale-
independency of geochemical patterns allows those
areas with various intensities, in terms of element
concentration, to be identified by the fractal
geometry theory [10, 27-30]. Fractal-based
geochemical data processing has been accomplished
by various techniques such as the number-size model

[31], concentration—number (C-N) [32, 33],
concentration-area [27, 34, 35], concentration—
distance [36], spectrum-area [37-40], and

concentration-volume [41]. The combination of
fractal models with machine learning methods has
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also been used for anomaly mapping [42, 43].
Hassanpour and Afzal [44] have proposed the C-N
fractal method for modeling the geochemical data
and separating the geochemical anomalies. Shahbazi
et al. have demonstrated that the mineralization
phases could be determined by the C-N multi-fractal
modeling [45].

Pre-processing of data is also not being ignored
before the data processing phase. Outlier values
detection is an essential task for the pre-processing
of geochemical data, performed by various
approaches.

Since the concentration values of geochemical
samples are compositional data, interpretation of this
type of data in the Hilbert space using the standard
statistical analysis methods does not result in
desirable and accurate outputs [46]. It has been
demonstrated that statistical correlation analysis of
geochemical data can produce more informative
results when the log-ratio transformed data is utilized
[47]. Simply speaking, when a transformation
algorithm is firstly performed on data, and after that,
the data correlation is calculated; the results reflect
much better information about groups of chemical
elements of the studied area [46].

The aim of this work is geochemical anomaly
separation by integrating some classic and modern
analytical methods. In the first step, the geochemical
composition data was opened and cleaned using the
CLR transform approach and Mahalanobis Distance
(MD) method, respectively. The pre-processing
phase was followed by performing PCA on the
previous transformed data to extract more
informative components. The GMPI method was
applied to enhance the exploration probability on the
regional scale. Still, in this investigation, we used this
method for prospectivity mapping of Cu, Au, and Mo
mineralization on the local scale. Then the fractal
model was performed on the multivariate
geochemical signature for classifying the GMPI (Cu,
Au, Mo) and geochemical targeting. The principal
aim of this investigation is to delineate multi-element
anomalies of Cu, Mo, and Au in the local scale
explorations using a hybrid method by integrating
GMPI, PCA, and C-N fractal model based on the
cleaned CLR transformed dataset.

2. Geological setting

Dalli area contains a porphyry mineralization type
of Cu-Au, namely Dalli. The area, which is located
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in the Markazi province of Iran, is a part of the west
edge of the Uromieh-Dokhtar magmatic belt [48].
This belt that is extended about 400 Km from NW to
SE of Iran, contains the alkaline and calk-alkaline
intrusive-volcanic rocks and some important mines
such as Sarcheshmeh, Meiduk, Darrch-Zereshk,
Kahang, and Sungun [49].

The primary constructing rocks of the Dalli district
are Eocene volcanic and pyroclastics formations
including andesitic to basaltic lava and andesitic to
rhyodacitic pyroclastics. These formations are
intruded by Oligo-Miocene medium basic intrusive-
igneous rocks (diorite, quartz diorite, and tonalite),
and some volcanic rocks (andesite, ignimbrite, and
porphyry andesite) can be locally seen (Figure 1).
These formations due to the influence of
hydrothermal solutions have been completely altered
to the potassic, silicic, phillic, argillic, and propylitic
alterations at an area of about 3 by 6.5 Km [50]. The
geological studies confirmed that the disseminated
mineralization was mainly related to the potassic,
silicic, and locally phillic zones [51]. It was
deposited during penetration of some intrusive quartz
dioritic stocks and dykes to andesitic volcano rocks
via a faulted zone with a width of 3 Km and an
azimuth of 55,

Dalli is divided into the northern and southern hills.
The southern deposit is an area of about 190 m by
200 m. Its principal characteristic features are
intensive potassic and locally phillic and silica
alteration zones due to the emplacement of a dioritic
intrusion [50]. This hill includes outcrops of oxide-
type minerals of Cu and Au, e.g. malachite, azurite,
cuprite, hematite, and goethite. This zone, with an
average grade of 1 ppm and 0.4% for Au and Cu,
respectively, extends nearly to the depth of 50 m. The
supergene zone, by strong chalcocite and malachite
mineralization and about 3.5% and 1 ppm of Cu and
Au, has formed at a depth of 50 m to 60 m
(approximately 8 m). These zones are followed by a
hypogene zone composed of approximately 0.65
ppm and 0.45% of Au and Cu. The evidence of ore
minerals (chalcopyrite, pyrite, bornite, magnetite,
and native gold) has been confirmed via drilled

823

Journal of Mining & Environment, Vol. 13, No. 3, 2022

boreholes up to 350 m. The reserve of the southern
part, up to 350 m, has been estimated to be about 38
million tons containing 60 ppm and 0.45% of Au and
Cu.

Dalli’s northern mineralization has occurred in an
area about twice of the southern hill. The supergene
zone in the northern hill is weak compared to the
south of region. The concentration of Au is the same
in both parts but the northern area is weaker in terms
of Cu concentration (about 0.2%). The northern
deposit has been estimated to contain about 50
million tons of ores. According to the estimated
reserve of the entire area, Dalli is classified as a
world-class deposit [52, 53].

3. Methodology
3.1. CLR transform

The log-ratio transformation method is categorized
as Additive Log-Ratio transformation (ALR),
Centered Log-Ratio transformation (CLR), and
Isometric Log-Ratio transformation (ILR) [35, 46].
The CLR method is preferred to eliminate the effect
of the closed data due to some reasons [54]. For
example, a useful fact to ignore the ALR is its
dependency on personal experience [44-47], as well
as ILR, is somewhat complicated, and interpretation
of its outputs does not perform readily because of the
dimensionality reduction of data [56—58].

CLR is a logratio transformation method.
According to the CLR theory, the logarithm of
variables is firstly calculated, then the result obtained
for each variable is divided by the geometric mean of
the same variable (Equation 1). Unlike ALR, not
elimination of any variables is an advantage for CLR.
However, the impossibility of many multivariate
statistical analysis methods to utilize CLR’s output
can still be considered a significant disadvantage
[54].

CLR (x) =|In (1)

X; ; Xp
Q/T—’ . nli/T—
i=1%X; i=1%i
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Figure 1. Geological map of northern part of the Dalli area (scale 1:1000: revised based on [52].

3.2. Data cleaning

The outliers are the data that does not follow the
general pattern of the majority of the data, and are far
from the dataset. The outliers can increase error rates
and crate remarkable during the data processing
statistical methods [59].

A popular multivariate distance measured based on
the covariance matrix is MD. MD is calculated as the
following equation:
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MD; = ((x; — OTC™1(x; — £))/? (2)

where x;, t, and C are the multivariate samples,
estimated multivariate location, and covariance
matrix, respectively. The values almost have a chi-
square distribution when the multivariate data is
distributed normally. The multivariate outliers with
large MD can be distinguished from the normal data
based on the chi-square distribution [60].
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A constant percentile of the y2 distribution is
utilized to isolate the outliers from the non-outliers.
The samples are separated into groups of outlier and
normal data using the threshold value calculated by

/ x2_,, v is the degree of freedom of variables,

and « is the significance level for a fixed quantile
[61].

3.3. GMPI approach

GMPI is a technique introduced by Yousefi et al.
[21] to transform scores of the PCA method into the
fuzzy scale. The GMPI method has important
advantages in geochemical prospecting. This
multivariate approach reduces the dimensions of
geochemical data, and detects the paragenetic and
effective elements in the mineralization phase. The
geological phenomena and geochemical societies
can be interpreted using the results of GMPI [62].
PCA, a usual multivariate method to analyze the
geochemical data, generates outputs known as the
sample’s score, which indicates the relative
importance of each sample.

PCA as a multi-element analysis method has been
applied to interpret the geochemical data in the
spatial, frequency, and wavelet domains [15, 19, 63].

PCA applies the correlation matrix of all elements
to determine the number of uncorrelated principal
components (PCs) (equals to the number of
elements), where the first and last PCs have the
highest and least proportion of the total variance,
respectively [1].

The mineralization factor can be detected and
extracted using the rotated component matrix of
PCA. The new score for each sample is calculated in
the new rotated domain based on the Varimax. These
absolute scores are considered new geochemical
multi-element features [64, 65].

The obtained scores were applied to calculate
GMPI using a logistic sigmoid function, as below
[21]:

eFS

GMPI = 3)

1+ efS
where FS is the score of each sample. It has been
demonstrated that utilizing GMPI as the fuzzy
weight of samples can increase and enhance the
geochemical anomaly intensity [21, 23-25, 66, 62].
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3.4. Concentration-number (C-N) fractal method

The fractal/multi-fractal geometry theory is
applied to analyze scale-independent and self-similar
shapes or phenomena [63]. If geochemical
landscapes tend to pose self-similar and scale-
independent properties [64], thus can be analyzed by
the theory of non-Euclidean fractal geometry. As a
result, the anomalous areas are distinguished from
the background based on the fractal dimensions [1].
Since the 1980s, various fractal/multi-fractal-based

approaches have been established in various
geoscience fields, namely geology, petrology,
geophysics, geochemistry, etc. [7, 65, 66].

Concentration-Number (C-N) multifractal method
has been frequently used to analyze the geochemical
samples and separate them into the background and
anomalous areas [32]. This model has been
constructed on the relation as below:

(4)

where N(= p) indicates the number of samples
having concentration values greater than the
concentration (p), and the fractal dimension is f£.
When the exponential relationship between N and p
is plotted on a log-log graph, the slope of the resulted
straight line is the fractal dimension (f) of that
individual concentration (p). In the simplest
situation with two populations including one
background and one anomalous area, two straight
lines are formed with different slopes representing
the two populations, namely anomaly and
background with greater and lower slopes,
respectively. Finally, the broken point of the lines is
assigned to the threshold concentration value, which
is applied to separate the background and anomalous
areas [1].

N(=p)xpP

4. Results and Discussion

For geochemical exploration in the Dalli area, 165
systematic soil samples (50 x 50 m) with a fraction
of -200 were taken and analyzed for 45 elements by
ICP-MS (Inductively Coupled Plasma Mass
Spectrometry) in AMDEL Lab in Australia.

In this work, the CLR transform, MD, PCA, GMPI,
and fractal geometry methods were performed on the
geochemical data for mineral potential mapping. The
flowchart of the applied scenario for geochemical
data modeling is indicated in Figure 2.
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Figure 2. Flowchart of the applied scenario

4.1. Cleaning of log-ratio transformed
geochemical data

The geochemical data are known as the
compositional data. Hence, misleading
interpretations may be created when applying
standard statistical analysis to the original dataset.
Accordingly, CLR transform based on Equation 1 is
used on raw assays to achieve the correct
representation of relationships between the elements
in this investigation.

The outlier values strongly affect multivariate
statistical results and provide unrealistic information
from the dataset. To overcome this issue and to clean
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for geochemical anomaly mapping.

the log-ratio transformed data, the MD method was
performed for the detection of normal and outlier
data. The MD follows a y2 distribution and can
effectively separate the most excessive outliers.

Twelve samples were detected as the outlier data
from 163 samples based on significance level 0.001,
which gives a 99.9% quantile. This threshold
properly facilitated outlier removal in multivariate
geochemical data. The sampling grid of geochemical
data containing outlier and non-outlier (normal) data
and the spatial distribution of outliers are depicted in
Figure 3.
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Figure 3. Location of geochemical samples (normal and outlier samples are shown).

The MD values of the geochemical samples and
separated normal and outlier samples based on the

threshold of / X&9992¢ are shown in Figure 4.

4.2. Extraction of MF using PCA

Distinguishing the mineralization and paragenetic
elements and recognizing the relationships between
the elements are vital for the improvement of
multivariate geochemical prospectivity mapping.
After opening the geochemical data using CLR
transformation and cleaning the dataset from
outliers, the PCA method was applied to extract the
principal factors related to the 29 logarithmic
elemental concentration data. The attributes of MF
and paragenetic elements can be identified using
PCA. The factor scores of samples were calculated
using the Varimax rotation and Kaiser normalization
methods. For this aim, firstly, the Kaiser
normalization was performed on the CLR
transformed data, then the Varimax method was used
for rotating axes. PCA appropriately reduced the
dimensions of features and created PCs in a new
space. PCA method extracted five PCs from 29 initial
features based on the eigenvalues of more than one,
and the other components were ignored. The rotated
component matrix related to the elements created by
PCA is shown in Table 1. Rotation was converged in
6 iterations. The mineralization elements of Cu, Au,
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and Mo affect PC1 with a negative sign. PC 1, 2, and
3 have been plotted in a new rotated space, and the
mineralization elements of Cu, Au, and Mo have
been discriminated in Figure 5.

The variances and cumulative variances of the
deriving PCs are shown in Figure 6. These five PCs
contain 81% of the total variance related to the
dataset.

Figure 6 indicates a decreasing trend for the
variance values from PCS5 to PC1 that demonstrates
that PC1 has an essential role in the geological and
mineralization phenomena in this area. The factor
scores of elements greater than 0.6 were considered
for analyzing the extracted PCs and their important
elements. The mineralization elements of Au, Cu,
and Mo play an essential role in constructing the first
PC. The rotated component matrix indicates the
absolute factor loadings of these elements in PC1 are
more than 0.6. Hence, PC1, which shows 34% of the
variance of the dataset, was detected as MF of Au,
Cu, and Mo. The MF (ay, cu, Mo) 1S more important out
of the other PCs and includes the higher variations of
the dataset. The mineralization elements of Au, Cu,
and Mo hold negative loadings in MF. Figure 7
shows the negative factor loadings of elements in
PCI1. The elements of Au, Cu, and Mo have no
significant signature on the other PCs. MF (ay, cu, Mo)
as a multi-element index intensifies the geochemical
anomaly signature, and improves the prospectivity

mapping.
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Table 1. Rotated component matrix created by PCA (mineralization elements of Cu, Au, and Mo affect PC1 with
negative sign).

Principal component
1 2 3 4 5

Au -0.743 -0.232 0.486 0.068 0.166
Al 0.386 0.820 -0.169 -0.135 -0.148
As 0.753 -0.135 -0.136 -0.134 -0.164
B 0.801 0.036 -0.346 0.087 -0.054
Ba 0.143 0.742 -0.221 0.289 -0.036
Ca 0.366 0.170 -0.666 -0.067 0.457
Ce 0.160 -0.124 0.068 0.932 0.121
Co 0.620 0.504 -0.021 -0.315 -0.119
Cr 0.830 0.087 0.039 0.201 0.163
Cu -0.772 -0.118 0.438 0.141 0.272
Fe -0.233 0.405 0.750 -0.057 -0.010
Ga 0.011 0.837 0.170 -0.126 -0.124
K 0.062 0.719 0.214 0.271 0.356
La 0.107 -0.124 -0.022 0.928 0.119
Li 0.714 0.522 -0.296 0.185 -0.027
Mg 0.116 0.867 -0.075 0.036 0.388
Mn 0.845 0.303 0.191 0.068 -0.005
Mo -0.657 0.214 0.245 0.060 -0.298
Na 0.399 0.677 0.010 -0.413 -0.216
Ni 0.928 0.072 -0.177 0.182 -0.002
P -0.009 0.016 0.739 0.056 0.114
Pb 0.292 0.369 -0.025 -0.307 -0.723
Sc -0.280 0.887 -0.076 0.013 -0.056
Sr .585 252 -.626 -.273 -0.046
Ti -0.372 0.465 0.414 0.184 0.589
\Y% -0.129 0.702 0.517 -0.167 -0.031
Y -0.036 0.443 0.107 0.763 -0.049
Zn 0.399 0.675 0.319 -0.051 -0.178
Zr 0.759 -0.093 0.128 0.163 -0.352
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The PCl as MFuau, cu, mo) was selected for
calculating the GMPI values, and anomaly map was
obtained based on the absolute factor scores of
MF Ay, cu, Mo).-

PCA decreases the discrimination of geochemical
societies, and intensifies the geochemical anomalies.

4.3. Fractal modeling of GMPI (v, for cleaned log-
ratio data

The results of PCA indicate that mineralization
paragenetic elements include Cu, Au, and Mo.
Hence, PC1 as MF (ay, cu, Mo) Was selected for
prospectivity mapping.

After identifying the PC containing the
mineralization elements, multi-element MF was
transformed into a new rotated space. The
geochemical anomalies are improved and intensified
using this transferring in this space.

The GMPI values were obtained using the
following logistic sigmoid equation:

Journal of Mining & Environment, Vol. 13, No. 3, 2022

e _MF(Cu.Au.Mo)

©)

GMPI(MF(A“'CU'MO)) = 1+ e_MF(Cu.Au.Mo)

The negative MF scores of samples were used for
GMPI calculation because the mineralization
elements of Au, Cu, and Mo hold negative loadings
for MF in the rotated component matrix.

The GMPI values were interpolated by the Kriging
method for geochemical mapping (Figure 8). This
map indicates the spatial distribution of GMPI and
the situation of promising areas. The GMPI results
have detected a NE-SW trend for anomaly zones and
precisely convey that high anomaly values have
occupied the central part of the area. The GMPI
model of MF as a multi-element geochemical
signature based on the CLR transformed data can
adequately highlight the potential areas for future
detailed exploration.

08

0.6

0.4

! I..l‘

B Ba Ca Ce Co Cr Cu Fe Ga K

A Al A
AU Al AS

La Li MgMnMo Na Ni P Pb Sc Sr Ti

VY Zn Zr

Figure 7. Factor loadings of elements in rotated component matrix relevant to MF obtained by PCA.

The obtained GMPI (MFay, cu, Mo)) values were
categorized using C-N fractal modeling. Figure 9
illustrates  four geochemical societies with
multifractal nature for GMPL. In a logarithmic fractal
plot, the slopes of fitted straight lines convey the
fractal dimensions of wvarious geochemical
populations. The threshold values can also be
obtained using the breakpoints in this diagram.

830

Three threshold values for GMPI (MF (ay, cu, Mo))
consisting of 0.815, 0.656, and 0.545 were identified
in this log-log fractal plot. These thresholds separate
four geochemical populations of background, weak
anomaly, moderate anomaly, and high anomaly. The
first class including the GMPI values less than 0.545
is related to the background population, and the other
three classes are relevant to the geochemical
anomalies.
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The four geochemical populations of background,
weak anomaly, moderate anomaly, and high anomaly
were discriminated and mapped in Figure 10. This
figure shows the multivariate geochemical
prospectivity map obtained from C-N fractal
modeling of GMPI MF (Cu-Au-Mo). The high
anomalous area of GMPI is located in the central part
of the district, which is proposed as a high potential
area for detailed exploration in the future. The
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moderate and weak anomalies have a distinctive NE-
SW trend and cover more extensive parts of the
studied area. The intermediate and high anomaly
areas have the most important priority for deep
explorations such as drilling boreholes and
geophysical studies. Generally, the most promising
parts with high mineralization potential are in the
center of the area.
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4.4. Assessment of obtained promising targets

The fractal modeling of GMPI (¢, Ay, Mo) indicated
that there were moderate and high anomaly
populations in CLR transformed dataset. These
significant moderate and high anomalies have been
extended in the central parts of the area. The field
observations and detailed studies indicated an oxide
zone with obvious Au and Cu mineralization
outcrops in these anomaly parts. Several surface
trenches were drilled on high potential targets for
prospecting the alteration and mineralization and
evaluating the anomaly areas.

Trench 04 (TRO04) drilled on the anomaly area
(Figure 10) includes the quartz diorite porphyry
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Figure 11. Concentration distribution of Au and Cu elements in trench 3940.
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rocks and a small extent of andesite rock. The high
and moderate potassic and weak phillic and chlorite
alterations were observed in this trench. In this part,
we are facing a mineralized zone. The mineralization
veinlets of malachite, silicified, and iron oxide are
abundant. The grade of Au is even more than two
ppm, and there is a high correlation between Cu and
Au.

Trench 3940 (TR 3940) drilled in the northern part
of the central anomaly (Figure 10) also confirms a
mineralized zone in the obtained geochemical
anomaly map. The concentration distribution of the
Au and Cu elements is illustrated in Figure 11.
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The two boreholes of DDH3 and DDH4 were
designed and drilled based on the situation of surface
mineralization and the trend of TR04 and TROS5
(Figure 10).

These boreholes indicated that there were three
mineralization zones consisting of supergene,
transition, and hypogene at the depth. Like surface
studies, the potassic and phillic alterations are shown
in quartz diorite porphyry, and andesite rocks have
been altered to propylitic and chloritic alterations.

In these boreholes, various minerals consisting of
malachite, azurite, cuprite, smithsonite, and
hemimorphite were seen in the oxidized zone.

Journal of Mining & Environment, Vol. 13, No. 3, 2022

Magnetite and iron oxides are extended in oxidation
and transition zones. Malachite, native Cu and
bornite hold a specific sequence at the depth.

Figure 12 illustrates the concentration distribution
of Au and Cu elements in borehole DDH4. The
results show a notable increasing trend for the Cu and
Au grades and chalcopyrite mineral at the beginning
of the hypogene zone. The Mo concentration shows
a rising trend from surface to depth, and an
enrichment zone of Mo was shown at the high depth.
Distinctive relationships between the mineralization
elements of Cu, Au, and Mo are shown based on deep
investigations.
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Figure 12. Concentration distribution of Au and Cu elements in Borehole DDH4.

The detailed exploration works correctly confirm
the obtained geochemical map, and demonstrate that
the fractal modeling of GMPI on cleaned and
transformed data could be helpful for introducing the
high potential targets. The hybrid approach applied
in this investigation provided favorable results. It
could model the geochemical distribution of
paragenesis elements on the local scale based on two
transformation functions of CLR and GMPI.

4.5. Correlation with specific geological
evidences

There is a notable correlation between the results of
the fractal model of GMPI and geological evidences,
especially in mineralization zones. The significant
moderate and high anomalies obtained by fractal
modeling of GMPI (cy, Ay, Mo) have been extended in
the central parts of the area and overlapped on quartz
diorite porphyry and andesite rocks. The Dalli area

has been affected by intrusive and volcanic masses
of the Tertiary period. This area is mainly covered by
igneous rocks such as diorite, quartz diorite, tonalite,
and andesite, which have been altered to potassic,
siliceous, phillic, argillic, and propylitic alterations
under the influence of hydrothermal solutions. These
solutions have caused the mineralization of copper
and gold in potassic, siliceous, and phillic alterations.
The Cu and Au mineralizations are related to the
quartz diorite stocks that encompass the quartz
veinlets and quartz—magnetite stockwork zones.
Mineralization is also shown in the contact of the
quartz diorite and Andesite rocks. Petrographic
studies also confirm that the quartz diorite, quartz
Monzonite, and andesite units are mineralization
host rocks. Chalcopyrite, bornite, chalcocite,
malachite, pyrite, and iron oxide minerals are also
observed in these parts. The field observations show
that the potassic alteration has covered the obtained
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anomaly areas with high intensity, and weak phillic
and chlorite alterations are also seen in these parts.

6. Conclusions

In this work, a hybrid approach including the C-N
fractal model, PCA, and GMPI methods was
performed for geochemical anomaly defining in the
Dalli Cu porphyry mineralization area.

These methods were applied on the centered log-
ratio transformed data, and the geochemical outliers
were detected and rejected. The PCA method
extracted five PCs from the cleaned and CLR
transformed geochemical dataset. The paragenetic
elements of Cu, Au, and Mo constructed PC1 as
MF (cu, A, Mo), and then the GMPI values of this factor
were calculated and modeled using the C-N fractal
method. The C-N fractal modeling of GMPI (MF ¢y,
Au, Mo)) Iidentified four geochemical populations
consisting of geochemical background, and weak,
moderate, and high anomalies. The promising
geochemical targets delineated by this hybrid
approach were adequately validated by more detailed
surface exploration works and deep boreholes. The
obtained multivariate anomalies are properly
associated with the potassic and phillic alterations
and mineralization zones. The results demonstrate
fractal modeling of GMPI values can improve the
multivariate geochemical signature in geochemical
mapping. The obtained results indicated that this
hybrid scenario was practical for anomaly definition,
and was helpful for geochemical data modeling in
various exploratory stages, especially on the local
scale.
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