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a mineral potential model of the Shahr-e-Babak studied area. The studied area is located
in the south-eastern of Iran. The various evidential layers include airborne magnetic
data, airborne radiometric data (potassium and thorium), lineament density map, cu
geochemistry signature, and multi-variate geochemistry signature (PC1). High
magnetic anomalies, lineament structures, and alteration zones (K/Th) were derived
from airborne geophysics data. Geochemistry signatures (Cu and PC1) were derived
from stream sediment data. The principal Component Analysis (PCA) as an
unsupervised machine learning method and five evidential layers were used to produce
a porphyry prospectivity model. As a result of this combination, mineral prospectivity
model was produced. Then a plot of cumulative percent of the studied area versus pca
prospectivity value was used to discrete high potential areas. Then to evaluate the
ability of this MPM, the location of known cu indications was used. The results confirm
an acceptable outcome for porphyry prospectivity modeling. Based on this model high-
potential areas are located in south southwestern and eastern parts of the studied area.

1. Introduction

Mineral prospectivity modeling (MPM) or
mineral prospectivity mapping helps to prioritize
exploration areas based on a particular type of
mineralization [1]. MPM helps to discover deposits
that are located beneath covered rocks. The MPM
method is a branch of computer science that is
based on geospatial data, especially geophysics and
geochemistry data [2]. The combination of geo-
physical and geochemical data can facilitate
mineral  exploration. Recently, geological
structures consisting of porphyry intrusion,
lineaments structure, and alteration zones have
been discovered by airborne geophysics data. The
magnetic method is a significant tool in detecting
geological formations (such as contact, lineaments,
and bodies) [3]. Igneous rocks especially sub-
volcanic rocks like granodiorite and diorite have
been shown a basic role in mineralization. A high
magnetic anomaly can be related to these bodies.
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On the other hand, lineament structures like faults
are suitable conduits for conducting hydrothermal
solutions and mineralization. Lineament structure
can be extracted by airborne magnetic data and
directional derivative. The tilt angle method is a
basic tool for extracting lineament structures [4].
Similarly, airborne radiometric data can detect
radioelements (potassium, thorium, and uranium)
in surface structures. The radiometric signature of
different geological units and alteration zones
change due to wvariations in radioelement
concentration [5]. Potassium-thorium ratio (K/Th)
concentration can identify alteration zones because
K radioelemet is more mobile than thorium,
especially in alteration zones, so increase in K
concentration can distinguish these zones [6].
Interpretation of stream sediment samples can
reveal the signature of mineralization. The
signature of multi-element anomalous is an
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essential problem in interpreting geochemistry
data. Multi-variate analysis is a useful tool for this
aim because multi-element anomalous should be
evaluated [7].

PCA is an unsupervised machine learning
method that transforms multivariate data into
nondependent components. The ranking of these
components is based on their variances. This
method is widely used in geosciences [8, 9, 10, 11].

The aim of this paper is to mineral prospectivity
area related to cu porphyry mineralization in the
Shahr-e-Babak studied area in southern Iran. To
achieve this purpose, geospatial data and an
unsupervised machine learning method are used.
Thus linement structures, bodies, and alteration
were extracted by airborne radiometric and
magnetic data. Geochemistry data is used to reveal
anomalous related to porphyry mineralization.
These evidential layers are combined with an
unsupervised machine learning method to
prioritize the high potential area of cu porphyry
mineralization.

2. Geological Setting and Mineralization

The studied area lies between latitude 55 to 55 30
N and 30 to 30 30 E, and is located in the Kerman
Province. Figure 1 shows the location of the
studied area. The major part of the studied area is
covered with Eocene andesitic rocks and Eocene
volcano-sedimentary units. In the central, eastern,
and northern western parts of the studied area,
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cretaceous stocks of meta-volcanic rocks are
outcropped [12].The existence of huge Eocence
volcanic rocks, especially andesite rocks, is a clear
property of the studied area. These volcanic rocks
are hosted mineralization and alteration in the
studied area. Middle Eocene to Miocene stocks
with diorite to granodiorite composition were
intruded in the studied area. These stocks caused
porphyry mineralization in the Shahr-e-Babak
studied area. Widespread alteration zones were
created around these stocks. The plutonium
complex of the studied area was completed in the
Upper Miocene. The northern eastern part of the
studied area is covered with young alluvial. Flysch
unit covers the studied area in the north. Old
alluvium covers south western part of the studied
area. Volcanic rocks with andesite to basalt
composition outcrop in the studied area in north
northwest. Also volcanic rocks with sandstone and
limestone are covered east. The pyroclastic unit is
widespread in the central part of the Shahr-e-Babak
studied area.

Shar-e-Babak has of high potential for porphyry
mineralization in the copper metallogenic belt in
the Kerman Province. The studied area is a part of
the Urumieh-Dokhtar magmatic zone. The
Urumieh-Dokhtar magmatic zone has the richest
potential for porphyry mineralization in Iran.
More, the 200 indeces of cu outcrops were
discovered in this zone. The geology map of Shahr-
e-Babak studied area is shown in Figure 2.
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Figure 1. A: Geographical location of the Shahrbabak area. B: The location of the range in the structural zones
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Figure 2. Geological map of Shahrbabak area taken from Shahrbabak 1:100000 geological map.

3. Materials and Method
3.1. Geochemistry data

Porphyry mineralization can be identified by the
stream sediments method. In several areas, the
stream sediments method has led to identifying
high potential areas for porphyry mineralization
[13, 14, 15]. The appropriate geochemical
assemblage consists of Cu-Au — Mo — Ag — Sb —
As — Pb, and Zn. Stream sediment samples were
surveyed by the Geological Society of Iran (GSI).
A dataset of 604 samples was surveyed. These
samples were analyzed for Cu, Pb, Zn, Sb, Ni, Co,
Cr, and B. The QQ plot and histogram were drawn
to survey normalized condition and outlier data.
The outlier data were replaced by the Dorfell
method. Then the logarithmic method was used to
normalize data. Cu anomaly map was drawn out as
an evidential layer in porphyry prospectivity. A
typical method in pattern recognition in
geochemistry data consists of discriminant
analysis, cluster analysis (kmeans, cmeans,
hierarchical cluster analysis...), and factor
analysis. In this paper, factor analysis was used to
extract the element assemblage of porphyry
mineralization in the Shahr-e-Babak studied area.
Based on the result from factor analysis, the
mineral assemblage in Shahr-e-Babak studied area
consists of Cu—Pb - Zn in PC 1. Thus the resulting
map was used as an evidential layer in porphyry
prospectivity in the studied area.
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3.2. Geophysics data

The airborne geophysics data in the Shahr-e-
Babak studied area consists of aeromagnetic data
and radiometric data. The radiometric data include
uranium, thorium, and potassium. This data was
surveyed by the Atomic Energy Organization of
Iran. This data was obtained at a flight spacing of
about 500 m and an altitude of about 120 m. To
pre-process data, the reduction to pole filter (RTP)
was applied to the total magnetic intensity map.
The RTP filter aligns better magnetic anomalies
with geological structures [16]. The high magnetic
anomaly (porphyry intrusion) was extracted
visually (Figure 3a). Then the proximity to the
layer was created from high magnetic anomalies.

To extract magnetic lineaments, different
methods can be used. Most of these methods are
based on directional derivatives. The tilt angle
method [17] was used to extract magnetic
lineaments. The initial concept of this method is
based on horizontal and vertical derivatives of total
magnetic intensity [18]. Then the heat map of
lineaments was created. Figure 3e shows high-
magnetic anomaly and heatmap of magnetic
lineaments.

The aeroradiometric data can be applied to
geological interpretation and detection of alteration
areas [5, 19]. To extract the alteration zone, the
ratio of K/Th was applied because the increase in
potassium and decrease in thorium is an indication
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of ore deposits [5, 6]. High K/Th areas were
extracted from the K/Th anomaly map based on
mean plus standard deviation (3d). In the next step,
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the proximity to the layer was created from high
K/Th areas.
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Figure 3. Evidential layer of Shahr-e-Babak studied area (a) Cu geochemical signature (b) PC1 geochemical
signature (c) High magnetic anomalies (d) High K/Th anomalies (e) Line density.
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3.3. Methods

In this section, we describe methods for mineral
prospectivity with airborne geophysics and
geochemistry data. In the first step, all data was
transformed to the raster file. Then this raster file
should be standardized to input to the machine

Mineral

Prospectivity PCA

Journal of Mining & Environment, Vol. 15, No. 4, 2024

learning method. To standardize geospatial data,
logistic transformation was used. In the next step,
the PCA method was used to predict porphyry
mineralization modeling with airborne geophysics
and geochemistry data. Figure 4 describes the main
step of this research work.

Cu
PCl1

High Mag

Normalized

K/Th

Line Density

Figure 4. The flow chart of methodology shows different steps to produce MPM for cu porphyry mineralization.

3.3.1. Logestic transformation

The values of different layers of evidence vary
significantly in magnitude. As a result, they cannot
be compared or overlayed to create a mineral
potential map. In this paper, the logistic function
was employed to transform discrete data of various
magnitudes into continuous values ranging from 0
to 1. Yousefi, M. and Carranza, E. [20] introduced
an improved approach utilizing logical functions to
optimize the method.  Through a data-driven
approach, the parameters can be computed,
ensuring that the resulting value consistently falls
within the range of 0 to 1.

To produce evidential layer five geospatial data
(high magnetic anomaly, linear structures, high
ratio of K/Th, cu signature, and pcl multivariate
signature) in the Shahr-e-Babak studied area. We
used geochemical and airborne geophysics data
Because these data originated from different
sources; maximum and minimum all of these data
are different. Logistic transformation can be used
to transform these data in the same space([0 1]). To
apply this transformation, the following Equation
was used [21]:

1
=T oD W

X is the original value of geospatial data, and
Fg is the logistic transformation of these data. s and
i are the slope and inflection points of this

Fg
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transformation. In this step, all evidential layers
were fuzzified with this transformation.

According to the proposed method [20], the
appropriate values for the slope (s) and turning
point (i) of the logistic function are obtained from
the solution of two equations and two unknowns
presented below. In these formulas, EV and Fgy are
evidential layer values and fuzzy scores of
evidential layers. The results in I and S are
presented in Table 1. The fuzzified maps with
logistic function are presented in Figure 5.

1

FEvmax = 1 + e—s(EVmax-i) (2)
1
FEvmin = 1 + e-s(EVmin-i) (3)
9.2 4)
S =
FEvmax - FEvmin
i= FEvmax + FEvmin (5)

2

Table 1. Calculated logistic function parameters for
evidential layers.

Evidential layer S i
Cu 0.245 198.7950
PCl1 0.76 6.03
High mag 0.0075 6087.5
K/Th 0.0058 7930.5
Line density 2.23 2.055
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Figure 5. Logistic transformation of evidential layers (a) cu geochemical signature (b) PC1 geochemical signature
(c) High magnetic anomalies (d) High K/Th anomalies (e) Line density.

3.3.2. Principal component analysis

Principal component analysis (PCA) is an
unsupervised machine learning method. PCA can
assumed as fitting a p-dimensional ellipsoid to the
data. Each axis of p dimensional is considered a
principal component. If the axis of this ellipsoid is
small, then the variance of this axis is small too. To
calculate the dimensions of this ellipse, its center
of all datasets must be found. This center is
calculated from subtracting of mean of the
variable's observed values from each of those
values. Principal component analysis (PCA) is one
of the best multivariate data analyses. PCA is a
general multivariate technique that applies

1482

sophisticated mathematical principles to reduce
correlated variables to a small size which is called
principal components (PCs). The PCA method was
multivariate data analysis originally, but it was
applied in a wide range of other applications [21].
The total variance of variables is calculated in PCA
and PCS as the optimal amount is calculated for a
major part of the variance [22].
The major purpose of PCA consists of six parts

1. Calculate the most important feature of the
dataset
2. Reduce the size of the dataset by retaining these

features
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3. Simplify the description of this dataset.

4. Interpretation and analyzing the structure of
variables

5. Reducing the dimension of data without any
missing information

6. This method is applied in data compression.

It was seen that already variables can be
normalized within statistical transformation with
different methods. In the PCA method, dataset
should be normalized or standardized [23].

The fuzzified transformation was used to
standardize input data. The flowchart of this study
is shown in Figure 4.

4. Results and Discussion
4.1. Model prediction and mineral mapping

Principal component analysis is an unsupervised
machine learning method. This mathematical
method uncovered a relationship between
exploratory data and a reduced amount of data.
PCA is a statistical process that transforms
correlated features into linear uncorrelated features
with orthogonal transformation with decreased
variation. The linear transformation assumes the
component will explain all of the variance in each
variable [24] have noted that an advantage of using
PCs over a prior or user-defined group of elements
as variables for investigation is that they represent
linear combinations of elements that are likely
controlled by mineral stoichiometry. This linear
transformation may present a more logical
representation of the geological evidential layer
and mineralization (Table 1). The pcl was
calculated more than 66% over data variability.
Principal component analysis is a technique for
feature extraction. So it combines input variables
in a certain way. We can then remove the least
important variables, while still keeping the most
valuable parts of all variables. Each of the new
variables after PCA are all independent from each
other. This is an advantage because the
assumptions of the linear model require that our
independent variables remain independent of each
other. This event shows the high impact of
geochemistry signatures in mineral prospectivity
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modelling in Shahr-e-Babak studied area. The low
impact of magnetic anomalies is due to alteration
and demagnetization in the mineralization host
rock.

The method surveys the interrelation between
datasets. The main goal of PCA is to decrease the
dimension of the dataset, while preserving the
pattern of these data. This process is done without
any knowledge of these data. Available exploratory
data related to cu mineralization consist of
geochemical data: cu and pcl; geophysics data:
high magnetic anomalies, K/Th anomaly, and line
structure resulting from magnetic data. All of these
data were transformed into a raster file with a 100
x 100 pixel size. For pre-processing of these data,
Arcgis 10.8.1 and Oasis montaj 8.4 were used, and
MATLAB software was used for data integration.
The geophysics data interpretations were done in
the Geosoft software consisting reduction to pole
of total magnetic intensity map, extracting of
magnetic lineament structures, and airborne
radiometric process. The proximity to and
continuous dataset of evidential layers were
produced in ARCGIS software and data
integriation (PCA method) was done in the
MATLAB environment. The component matrix of
this data integration is shown in Table 2. The pcl
and cu geochemistry anomaly shows the greatest
impact in the prospective model. The lowest impact
belongs to the high magnetic anomaly.
Mineralization in the studied area caused
demagnetization in the host rock of porphyry
mineralization in the Shahr-e-Babak studied area.
Mafic volcanic rocks consisting andesite and
andesite basalt reflect high magnetic anomaly in
total magnetic intensity map. But in Shahr-e-Babak
studied area, especially in north west of this area,
these rock units reflect low to moderate magnetic
anomaly because cu occurences are located around
high magnetic anomaly, this evidential layer reflect
positive role in mineral prospectivity modelling.
The MPM model is shown in Figure 6. All selected
evidential layers are useful tool in dentification of
mineralization potential area. Therefore, their
integration provides good results in identifying
these areas.
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Table 2. Total variance explained.

Initial eigenvalues

Extraction sums of squared loadings

Component

Total % of variance Cumulative, % Total % of variance Cumulative %
1 2.220 44.400 44.400 2.220 44.400 44.400
2 0.992 19.841 64.241
3 0.903 18.070 82.311
4 0.611 12.216 94.527
5 0.274 5.473 100.000
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Figure 6. Favorability/Predictive map for cu porphyry mineralization over the Shahr-e-Babak studied area.

Table 2. Component matrix.
__Component

1
PC1 0.811
Cu 0.849
K/Th 0.597
High_Mag 0.297
Line_Density 0.631

4.2. Model evaluation

For evaluation resulting from the PCA
prospectivity model, a variation classified of
prospectivity value versus cumulative percent area
was drawn out [25, 26] (Figure 7). Using this plot,
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the breaking point to the discrete high potential
area was distinguished. Based on the resulting map,
most of the cu indications are located in high-
potential areas. The resulting map shows high-
potential areas located in the northwestern and
eastern parts of the studied area. Low potential
areas occupy the southern and northeastern parts of
the studied area. Based on this map, high-potential
areas are appropriate for further exploration
(Figure 8). The mineral potential model with PCA
method was compared with fuzzy-gamma method
(Figure 9). The operation of PCA method is better
than fuzzy-gamma method.
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5. Conclusions

In this paper, airborne geophysics including
aeromagnetic data and aeroraiometric data were
used to extract geological structures. The high
magnetic anomaly was extracted from airborne
magnetic data and it was related to geological body
formation. Lineament structures were extracted
from airborne magnetic data and with the tilt angle
method. Linear structures conduct mineralizing
solutions to the surface. These solutions create
alteration zones and mineralization in the host
rocks. In this study, alteration zones were extracted
with airborne radiometric data. The ratio of K/Th
was used to extract the alteration zone. Potassium
radioelement is more mobile than thorium. Thus
K/Th shows concentration in the alteration zone.
Geo-chemistry data was used as porphyry
mineralization signatures. Multi-variate
geochemistry data was used to reveal these
signatures. Five evidential layers consisting of high
magnetic anomaly, density map of linear
structures, alteration zone, cu geo-chemistry
signature, and multivariate geochemistry signature
were produced. These evidential layers can govern
the mineral prospectivity of  porphyry
mineralization in the Shahr-e-Babak studied area.
PCA method was used for data integration in this
study. The following conclusions were obtained:
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1. All of the evidential layers are located in PC1
because of all of these evidential layers are
effective in  porphyry  mineralization
prospectivity in the Shahr-e-Babak studied area.

2. Cu signature and multi-element geochemistry
signature show the greatest effect in MPM in the
Shahr-e-Babak studied area.

3. High magnetic anomalies reflect the lowest
effect in porphyry mineralization prospectivity

because of alteratimon zones caused
demagnetization in the host rock of cu
mineralization.

4. High-potential areas are located in the

northwestern and eastern parts of the studied
area. These areas can be appropriate for further
exploration in the future.

5. Airborne geophysics and geochemistry data can
play an essential role in MPM.

Refferences

[1]. Sun, T, Li, H., Wu, K., Chen, F., Zhu, Z., and Hu,
Z.(2020). Data-Driven Predictive Modelling of Mineral
Prospectivity using Machine Learning and Deep
Learning Methods: A Case Study from Southern Jiangxi
Province, China. Minerals, 10(2), 102.

[2]. Echogdali, F. Z., Boutaleb, S., Abia, E. H.,
Ouchchen, M., Dadi, B., Id-Belqas, M., Abioui, M.,
Pham, L. T., Abu-Alam, T., and Mickus, K. L. (2022).
Mineral prospectivity mapping: a potential technique for



Jahantigh and Ramazi

sustainable mineral exploration and mining activities —
a case study using the copper deposits of the Tagmout
basin, Morocco. Geocarto International, 37(25), 9110—
9131.

[3]. Arogundade, A. B., Awoyemi, M. O., Ajama, O. D.,
Falade, S. C., Hammed, O. S., Dasho, O. A., and
Adenika, C. A. (2022). Integrated Aeromagnetic and
Airborne Radiometric Data for Mapping Potential Areas
of Mineralisation Deposits in Parts of Zamfara, North
West Nigeria. Pure and Applied Geophysics, 179(1),
351-369.

[4]. Thanh Pham, L., Eldosouky, A. M., Melouah, O.,
Abdelrahman, K., Alzahrani, H., Oliveira, S. P., and
Andra§, P. (2021). Mapping subsurface structural
lineaments using the edge filters of gravity data. Journal
of King Saud University - Science, 33(8), 101594.

[5]. Elkhateeb, S. O. and Abdellatif, M. A. G. (2018).
Delineation potential gold mineralization zones in a part
of Central Eastern Desert, Egypt using Airborne

Magnetic and Radiometric data. NRIAG Journal of

Astronomy and Geophysics, 7(2), 361-376.

[6]. Ostrovskiy, E. Ya. (1975). Antagonism of
radioactive elements in wallrock alterations fields and
its use in aerogamma spectrometric prospecting.
International Geology Review, 17(4), 461-468.

[7]. Yousefi, M., Kamkar-Rouhani, A., and Carranza, E.
J. M. (2012). Geochemical mineralization probability
index (GMPI): A new approach to generate enhanced
stream sediment geochemical evidential map for
increasing probability of success in mineral potential
mapping. Journal of Geochemical Exploration, 115,24~
35.

[8]. Dempster, M., Dunlop, P., Scheib, A., and Cooper,
M. (2013). Principal component analysis of the
geochemistry of soil developed on till in Northern
Ireland. Journal of Maps, 9(3), 373-389.

[9]. Jansson, N. F., Allen, R. L., Skogsmo, G., and
Tavakoli, S. (2022). Principal component analysis and
K-means clustering as tools during exploration for Zn
skarn deposits and industrial carbonates, Sala area,
Sweden. Journal of Geochemical Exploration, 233,
106909.

[10]. Jimenez-Espinosa, R., Sousa, A. J., and Chica-
Olmo, M. (1993). Identification of geochemical
anomalies using principal component analysis and
factorial kriging analysis. Journal of Geochemical
Exploration, 46(3), 245-256.

[11]. Liu, C., Wang, W., Tang, J., Wang, Q., Zheng, K.,
Sun, Y., Zhang, J., Gan, F., and Cao, B. (2023). A deep-
learning-based = mineral  prospectivity = modeling
framework and workflow in prediction of porphyry—
epithermal mineralization in the Duolong ore District,
Tibet. Ore Geology Reviews, 157, 105419.

[12]. Zarasvandi, A., and Liaght, S., Zentilli, M. (2005).
Porphyry Copper Deposits of the Urumieh-Dokhtar

1487

Journal of Mining & Environment, Vol. 15, No. 4, 2024

Magmatic Arc, Iran, Super Porphyry Copper and Gold
deposits, A global perspective. PGC publishing
Adelaide, 2,441-452.

[13]. Bigdeli, A., Maghsoudi, A., and Ghezelbash, R.
(2023).  Recognizing  Geochemical  Anomalies
Associated with Mineral Resources Using Singularity
Analysis and Random Forest Models in the Torud-
Chahshirin Belt, Northeast Iran. Minerals, 13(11), 1399.

[14]. Montsion, R. M., Saumur, B. M., Acosta-Gongora,
P., Gadd, M. G., Tschirhart, P., and Tschirhart, V. (2019).
Knowledge-driven mineral prospectivity modelling in
areas with glacial overburden: porphyry Cu exploration
in Quesnellia, British Columbia, Canada. Applied Earth
Science, 128(4), 181-196.

[15]. Riahi, S., Bahroudi, A., Abedi, M., Aslani, S., and
Lentz, D. R. (2022). Evidential data integration to
produce porphyry Cu prospectivity map, using a
combination of knowledge and data-driven methods.
Geophysical Prospecting, 70(2), 421-437.

[16]. Anderson, E. D., Hitzman, M. W., Monecke, T.,
Bedrosian, P. A., Shah, A. K., and Kelley, K. D. (2013).
Geological Analysis of Aeromagnetic Data from
Southwestern Alaska: Implications for Exploration in
the Area of the Pebble Porphyry Cu-Au-Mo Deposit.
Economic Geology, 108(3), 421-436.

[17]. Salem, A., Williams, S., Fairhead, J. D., Ravat, D.,
and Smith, R. (2007). Tilt-depth method: A simple depth
estimation method wusing first-order —magnetic
derivatives. The Leading Edge, 26(12), 1502-1505.

[18]. Mohammadpour, M., Abedi, M., and Bahroudi, A.
(2020). Mineral prospectivity mapping of porphyry Cu
deposit using VIKOR method. Earth Observation and
Geomatics Engineering, 4(2), 148—168.

[19]. Tarshan, A. (2022). Detection of Uranium
Anomalies and Alteration Zones using Airborne
Gamma-Ray Spectrometry at Gabal Attala and its
Surrounding Area, Eastern Desert, Egypt. Earth
Sciences, 11(3), 121.

[20] Yousefi, M. and Carranza, E. J. M. (2015).
Prediction—area (P—A) plot and C—A fractal analysis to
classify and evaluate evidential maps for mineral
prospectivity modeling. Computers & Geosciences, 79,
69-81.

[21]. Deepika, K. K., Varma, P. S., Reddy, Ch. R.,
Sekhar, O. C., Alsharef, M., Alharbi, Y., and Alamri, B.
(2022). Comparison of Principal-Component-Analysis-
based Extreme Learning Machine Models for Boiler
Output Forecasting. Applied Sciences, 12(15), 7671.

[22]. Greenacre, M., Groenen, P. J. F., Hastie, T,
D’Enza, A. 1., Markos, A., and Tuzhilina, E. (2022).
Principal component analysis. Nature Reviews Methods
Primers, 2(1), 100.

[23]. Gewers, F. L., Ferreira, G. R., Arruda, H. F. De,
Silva, F. N., Comin, C. H., Amancio, D. R., and Costa,



Jahantigh and Ramazi

L. D. F. (2022). Principal Component Analysis. ACM
Computing Surveys, 54(4), 1-34.

[24] Tatou, R. D., Kabeyene, V. K., and Mboudou, G. E.
(2017). Multivariate Statistical Analysis for the
Assessment of Hydrogeochemistry of Groundwater in
Upper Kambo Watershed (Douala-Cameroon). Journal
of Geoscience and Environment Protection, 05(03),
252-264.

[25]. Najafi, A., Karimpour, M. H., and Ghaderi, M.
(2014). Application of fuzzy AHP method to IOCG

1488

Journal of Mining & Environment, Vol. 15, No. 4, 2024

prospectivity mapping: A case study in Taherabad
prospecting area, eastern Iran. International Journal of
Applied Earth Observation and Geoinformation, 33,
142-154.

[26]. Porwal, A., Carranza, E. J. M., and Hale, M.
(2006). A Hybrid Fuzzy Weights-of-Evidence Model for
Mineral Potential Mapping. Natural Resources
Research, 15(1), 1-14.



VEY o ap)loz ojlad iy jlamo 5 oo (pitg3y — ole 420 a0y 5 Gl

askio &9)90 axfllo W,S) 3 éﬁ‘,b &)Jgs) ‘Slbo.)b )| oolaiwl b (FIR0 (Sxo ML.: ‘S)LwJ..\o

Olnl @gier (Sl e adlllao 9,90

" o0y Loy g diiles plao

Ol el pd ¢y ol (Firiuo oA (yurn (cwdigeo iy
YOYRYNY Lopdy VoYY ANA Sl

Ramazi@aut.ac.ir :5Lsl5e Jyims odinmgs

RS

Jore sl anlllas il 51 B s o 4i],] sonisss slo 0015 5 5 uls (5 masssl) (slo o0l o5 plsd conloliie (sla ool L1, asls s s s, ool allis
sloosls oLt calies waly s sloasy .l oo adls sl 3,5 i ) dalllae 350 dilaie sl b4t anlllae 3,50 dilaie St iy
el (PCD) 0y iz s i35 Jogil 5 oo so535 Jlogil oo Jshas M8z i (58 5 omlz) 2150 55203, sloools g (oblite
gy slaosls jI sowdissy lesiT o] S 45 4lsd Sy pubsss slo ools I K/Th) Slos,Ss sblis 5 o s sla il Vb o bliie sl (5 rials
iy o S5 adgs gl aals Y iy 5 5l 5 (bl (6250l by, S ol 4 ol ailhe Sl 5 455 0 glsiul ol laal ]
s s Joe polie blie o aslllan 5,50 dilate seomd 9oy 5l (61503 g b Syl obme Jimilly Jobo s 3 el a4 o snlitiul (8 00
53 o QU sln 1) gd BB ol a5 s 5 eolis ol Jouily y (Hly pant 25 55 Joe Ul Dbl sln Jloged (nl o o3 PCA g &
Syge dilaie (S8 g (0 oy o slagidn 3 Vb Jeiln b bl (Jue cnl (bl iS00 bl (69 e Sl (I8 (S

i)l 3 aalllae

Syed s «Sobjpd 0 plod (52wl 0 plsn cwnboline ¢ Lol slo adlie o g 4y s :‘5..\1»,15 Olels




