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Abstract

Determining mineralization factors and paragenesis elements, anomaly identification, and geochemical
potential mapping are important issues that are carried out using multivariate statistical methods. This study
aims to identify the mineralization processes in the Tanurcheh region using geochemical data from the new
integrated method of "fractal modeling of principal component data™ based on principal component analysis
(PCA) methods. Fractal concentration-area (C-A) have been used. For this purpose, data preparation will
first be done using the multivariate Mahalanobis method. Outlier samples were identified and removed from
the data to determine the role of rejecting multivariate outlier data in improving the results. The PCA method
determined the role of rejecting multivariate outlier data. It was done on raw geochemical data and modified
data separately. The results showed that the PCA method on raw data cannot determine the quality of
paragenesis elements. Still, in the case of removing outlier samples with the Mahalanobis method, the results
of the PCA method improved. Iron, arsenic, phosphorus, lead, strontium, molybdenum, copper, and gold
were found as paragenesis elements at this stage. The first principal component was identified, and this
multi-element mineralization factor was used to determine abnormal areas. The standard deviation-mean and
concentration-area fractal methods were used to determine and separate the geochemical populations in the
mineralization factor. The data of the principal components were implemented, and the distribution map of
geochemical populations was drawn for different cases and compared with each other. The final results of
the investigation of the mineralization process in the region with the mentioned methods showed that the
multi-element geochemical anomaly map obtained from the fractal modeling of the principal components
data showed significant agreement with field observations and mineralization outcrops..
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1- Introduction

Geochemical mapping and determination of geochemical populations significantly contribute to
mineral exploration. Geochemical anomaly limits are determined with different univariate and
multivariate methods [1,2]. The PCA method is one of the well-known methods in multivariate
analysis. It identifies paragenesis elements and draws anomalous areas [3,4]. This method is a
handy tool for combining several dependent variables in one variable and reducing the dimension of
the data set in non-dependent principal components based on the covariance and correlation of the
variables, which shows an internal correlation between the variables [5]. The principal component
analysis (PCA) method was performed as a multivariate statistical method for geochemical location
and frequency data. [6,7]. To determine the elements related to mineralization, to know the
distribution pattern, how the elements are associated with each other, and to choose the
mineralization factor, the principal component analysis method was used on geochemical data [8].
This method converts dependent variables with high dimensions into non-dependent principal
components based on a correlation matrix [9]. In many cases, PCA has been used to analyze
geochemical data to identify exploration indicators and determine mineralization characteristics
[10-13]. Various fractal models in the frequency and space domains, including multiple methods of
concentration area, concentration distance, power spectrum area, and concentration volume, have
been used in geochemical explorations [14-19]. Different geological and mineralization phenomena
may create complications in geochemical data, especially in forming different geochemical
populations. These populations can be distinguished using the fractal models available in the data
[14-20]. One of the powerful methods of fractal modeling is the concentration-area (C-A) fractal
method, which was introduced to determine geochemical populations and to separate anomalies
from the background [21-23]. The advantages of fractal models can be used to develop integrated
models [24,25]. Considering that outlier data affects the results of multivariate analysis, identifying
and removing these data can also be done to improve the results. Outlier data in geochemistry can
significantly affect the results of statistical and computational methods and the geochemical
anomaly map [26]. In this article, a new integrated method of fractal modeling of principal
component data has been developed by removing outlier geochemical data. Various methods have
been presented to identify outlier data [27,28], and the Mahalanobis distance method has been used
in this research. This method is considered as a parametric statistical method [29,30]. In the next
step, while examining the fractal characteristics of the data of the main components, the modeling
of these data has been done. The advantages of this new method over the previous methods of
detailed investigation of mineralization populations and the improvement of the results in revealing
the mineralization process in the study area can be mentioned.

2- Methods and Findings
2-1- Case study and data

Tanurcheh region is located on the Khaf-Droneh volcano-plutonic belt, and some of its special
features include mineralization potential. The area's geology consists of a series of andesitic and
rhyolitic volcanics. The most important intrusive mass that has been subtracted and exposed is
quartz porphyry stocks. The hydrothermal alteration of this region has a variety of propylitic,
argillic, and ceristic alterations. Propylitic alteration, including abundant chlorite and small amounts
of epidote, is well distributed among volcanic assemblages [31]. Lithogeochemical samples were
taken in the area, and 95 rock and soil samples were collected. Based on chi-square distribution, 11
samples were identified as outlier samples.

2-2- Multivariate Mahalanobis method

The Mahalanobis distance method is a multivariate method used to detect outlier data. This index
is measured based on the covariance matrix. Mahalanobis distance is calculated as follows:
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(1) SubscriptMD; = ((x; — t)TC™1(x; — t))/?

where x;, t, and C are the multivariate sample, the estimated multivariate location, and the
covariance matrix, respectively. When multivariate data are normally distributed, values are
approximately chi-squared. The chi-square distribution shows that multivariate outliers with a high
Mahalanobis distance value can be distinguished from standard data [33]. A fixed percentage of the
chi distribution separates the outliers from the standard points. Using the threshold value calculated

by v/ x%_,.,, The samples are divided into two groups: abnormal and normal data. So v is the degree
of freedom of the variables, and a is the significance level [34].

2-3- Fractal modeling of PCA data

The PCA method can produce multi-element indices under principal components, which are
obtained based on various geological and mineralization processes in the region and are used to
prepare the mineral potential map[35]. These indices are based on eigenvalues and eigenvectors of
primary variables. The primary data are rotated in the new space using the Varimax 3 method
[36,37]. New geochemical indices, according to the created axes, are obtained. The PCs obtained by
the PCA method can be modeled using fractal methods. Determining the fractal dimension is the
basis of these methods for determining geochemical patterns. If a smooth model of the spatial
distribution of elements is presented by contour maps, in these maps, A(p) is a region of the contour
with concentration p. As the concentration increases, the area decreases. To define the field and
geochemical anomaly, the grade-area fractal model is defined as follows [38]:

) AP)=pyap"

Where A(p) is the area of the meter with a concentration more significant than the value of p,
and D is the exponential characteristics or fractal dimensions. A network of cells can be overlapped
in the studied area. In this case, obtaining A(p) by counting cells with raw grade or PC value of
elements is possible. In this method, for concentrations higher than the desired counter, A(p) equals
the number of cells in the area of the cells. Considering that in geochemical surveys, anomalies
show concentrations related to mineralization processes, these values will have power functions or
fractal dimensions different from background values. This difference in fractal dimensions is used
to separate anomalous areas from the background [38-40]. Geochemical anomalies have larger
fractal dimensions than geochemical populations. Therefore, the border between these fractal
dimensions can be considered threshold values. The threshold value separates the anomalous values
from the geochemical background. C-A fractal modeling of PCA data classifies mineralization
populations and accentuates geochemical anomalies.

2-4- Improve results by correcting outlier data

The concentration of different elements in these samples was analyzed to investigate the
behavior of elements in outlier samples. The maximum or minimum value of the various elements
compared to other samples in that element affects the Mahalanobis distance and is decisive in
whether the samples are out of line. Therefore, to check these characteristics, the standardized
values of outlier samples were drawn for different elements (Figure 1). In general, the graph shows
well that the samples are out of line due to the quality of several elements, especially the maximum
values. Therefore, removing these outliers in the following stages of data analysis can play a helpful
role in achieving accurate results.
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Figure 1. Standard values (zero to one) of element concentrations for outlier samples

The PCA method was performed separately on the logarithmic values of both data sets, including
raw data and data without outlier values, and the mineralization component was determined based
on the influence of the copper element, among other main components. The PCA method, based on
the logarithmic values of the raw data of the area, could not show the association of gold with
copper. In addition, other paragenesis elements were not well identified. The PCA method reduced
the 25 elements to 8 main components in the raw data. In this case, each component's variance
value and the main factors' cumulative variance values were obtained and plotted for comparison
(Figure 2). Cu is the fourth main component, and this component is identified as the mineralization
factor. This component justifies 8% of the variance in the data. The status of paragenesis elements
in this factor was also investigated.
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Figure 2. The graph related to the amount of variance of the main components in the PCA method (a: raw data
and b: modified data)

Figure 3 shows the histogram of copper mineralization factors obtained by the PCA method in
two modes. Considering that the PCA method shows more suitable results on the corrected data
after removing the outlier values and the paragenesis elements of Cu mineralization are well
defined, these results can be the improved results used to determine the anomalous areas. Values
less than the sum of standard deviation and mean are considered geochemical backgrounds. Values
higher than this threshold are defined as geochemical populations, including weak, medium, and
strong anomalies. Values between x+s and x+2s are called weak anomalies, and values between
x+2s and x+3s are medium anomalies. Values higher than x+3s are also considered strong
anomalies.
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Figure 3. Histogram diagram of copper mineralization factors resulting from PCA method and threshold limit
values and background and anomaly populations, a) mineralization factor in data modified by Mahalanobis
method, b) mineralization factor in data raw

Figure (4) shows the map of geochemical populations and anomalous areas related to
factorization resulting from the PCA method in raw and modified data. In this Figure, none of the
anomalous populations obtained from the mineralization factor in the raw data are compatible with
the mineralization veins, but in the mineralization factor related to the modified data, part of the
mineralization veins is placed on the anomalous populations and confirmed the results of this
method. The distribution map of geochemical populations obtained in this study shows the negative
impact of outlier data on multivariate analysis. Therefore, identifying and removing outlier data can
improve the geochemical anomaly map.
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Figure 4. Map of the limit of geochemical anomalies related to mineralization factor resulting from PCA based
on the standard deviation-mean method, a) The first principal component in the modified data, b) The fourth
principal component in the raw data

2-5- Fractal modeling of PCA data after removing outlier data

To intensify regional anomalies and reduce the background effect, in this study, the fractal
characteristics of PCA method results after removing outlier values were examined and modeled by
the concentration-area fractal method for the first time. First, the usual PCA method was performed
on the log-ratio geochemical data to prepare the input for modeling. In the next step, a constant
number was added to all PCA factor scores to generate positive data. Then, the new PCA values
were modeled using the C-A fractal method. Using the conventional kriging technique, a grid of
19.6 x 19.6 square meters was used to estimate the concentration and forecast the data. This
technique was implemented on PCA values. After the network estimation and classification of the
estimated data, the logarithmic diagram of the concentration area was drawn from the variables.
This diagram identified different populations with different fractal dimensions (Figure 5).
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Figure 5. C-A fractal model of PC1 data

The results obtained with this integrated method are two distribution maps of geochemical
grades in Figure (10-a) and anomalous geochemical regions in Figure (10-b). In this figure, the
anomalous areas are marked with a threshold value of 0.9, and the direction of mineralization is also
shown. Also, to compare and validate the results, the mineralization veins' location in the area is
shown with red lines on these maps. The location of the mineralization zones obtained from the
integrated method of fractal modeling of PCA data is consistent with the area's mineralization trend.
This mineralization trend was introduced west of the area in the northwest-southeast direction,
which was separated by the new method with great accuracy (Figure 10-a). Also, the anomalous
regions introduced in Figure (10-b) confirm this match more accurately than the PCA method. It
seems that the results of the multi-element analysis by the PCA method provide a more realistic
input for data modeling with the fractal concentration-area method. As a result, the ability to
perform heuristic predictions with the newly integrated method has greatly increased. Considering
that the PCA method could identify the paragenesis elements of mineralization and provide a
multivariate index of these paragenesis, the C-A fractal modeling of the resulting mineralization
component improved the anomalous areas.
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Figure 10. a) geochemical distribution map resulting from fractal modeling of PCA data area in class PC1, b)
anomalous geochemical regions prepared from fractal modeling of PCA data area
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3- Conclusions

Using the standard deviation-mean statistical method, the map of geochemical populations
(background, weak anomaly, medium anomaly, and strong anomaly) was obtained for
mineralization factors in raw and modified data. Anomaly populations obtained from the raw data
did not show any correspondence with the mineralization veins. In the modified data state, part of
the mineral veins was placed in the anomalous areas, and the map of the anomalous areas was
somewhat improved. By implementing the concentration-area fractal model on the main component
data and developing the integrated method, the mineralization process in the region (northwest-
southeast) was detected more accurately, and the anomalous areas obtained by field observations of
the region and the geological information showed a perfect match. The results of multi-element
investigations by the PCA method seem to provide a more realistic input for data modeling with the
fractal concentration-area method. Also, the fractal method's ability to accurately separate
mineralization populations increased the ability of exploratory prediction in the new integrated
method.
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