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Various methods have been used for clustering big data. Pattern recognition
methods are suitable methods for clustering these data. Due to the large volume of
samples taken in the drilling of mines and their analysis for various elements, this
category of geochemical data can be considered big data. Examining and evaluating
drilling data in the Lar copper mine in Sistan and Baluchistan province located in the
southeast of Iran requires the use of these methods. Therefore, the main goal of the
article is the clustering of the drilling data in the mentioned mine and its zoning of the
geochemical data. To achieve this goal, 3500 samples taken from drilling cores have
been used. Elemental analysis for six elements has been done using the ICP-Ms
method. Pattern recognition methods including SOM and K-MEANS have been used
to evaluate the relation between these elements. The silhouette method has been used
to determine and evaluate the number of clusters. Using this method, 4 clusters have
been considered for the mentioned data. According to this method, it was found that
the accuracy of clustering is higher in the SOM method. By considering the 4 clusters,
4 zones were identified using clustering methods. By comparing the results of the two
methods and using the graphical method, it was determined that the SOM method has
a better performance for clustering geochemical data in the studied area. Based on
that, zones 2 and 4 were recognized as high-grade zones in this area.

1. Introduction

Mineral reserve estimation is one of the most
important steps in the economic evaluation of a
deposit [1,2]. Mineral grade estimation directly
affects the reserve estimation results. Various factors
including the physical and structural characteristics of
the deposit control grade distribution The properties
of metal deposits and related systems are very
variable, and various models have been investigated
to describe the spatial patterns of their diverse and
complex structures. The grades for the different
metals vary considerably but generally average less
than 1%. In porphyry Cu deposits, for example, Cu
grades range from 0.2% to more than 1% Cu; In
porphyry Mo deposits, Mo grades range from 0.07%
to nearly 0.3% Mo. In porphyry Au and Cu-Au
deposits, Au grades range from 0.2 to 2 g/t Au [3].
The data used in estimating the grade mostly have a
complex and non-linear model, high variance, and
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high skewness. Common geometric and geostatistical
methods available in practice are not able to identify
these relationships well. On the other hand, these
methods require an expert and assumptions that
cannot be realized in practice. To improve their
estimation performance and accuracy, as well as to
find the appropriate variability pattern governing the
data, it is necessary to evaluate the performance of
more complex machine learning methods.

Since the 1970s, machine learning methods have
been used to find hidden information in geosciences
[4]. Also, Since the 1990s, various mathematical
methods have been employed in identifying
geochemical anomalies, including concentration-area
fractal/multifractal modeling, spatial
analysis/geoinformatics, and machine learning
techniques like neural and deep learning algorithms
[5,6]. Clustering is one of the popular and common
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methods in machine learning science which is one of
the unsupervised machine learning methods [7]. The
application of clustering is to divide data into
different groups. In this division, the data in each
group have the most similarity, and the data in
different groups have the Ieast similarity [8].
Clustering methods have had successful applications
in geochemistry. The combination of clustering
methods and geochemical data can identify
exploration targets. Several researches have been
done in this field to determine the distribution of
elements and their division into different clusters. The
choice of method is very important in this field.
Among these methods, the neural network method
can be mentioned [9, 10]. One of the important
applications of neural networks is its use in clustering.
Clustering is one of the important methods of
machine learning in the field of big data analysis that
contains many variables and features. Among other
important algorithms in the field of clustering is the
K-means method. The k-means method has been
widely used in clustering due to its easy application,
effectiveness and experimental success. There are
two important parameters in the k-means method: (1)
the number of clusters and (2) the center of clusters
[11]. If these parameters are unique, the answer to the
K-means method is also unique. However because
these parameters are not unique, the answer of the K-
means method is also different. As a result, different
methods have been developed to determine the
number of clusters. Therefore, clustering is one of the
attractive methods in geosciences, especially
geochemical data analysis. Therefore, many
clustering methods have been used in the analysis of
geochemical data, among which we can refer to the
fcm method, hierarchical clustering, K-means, and
self-organized map. For example, Sarparandeh and
Hezarkhani [9, 10] used the SOM method for
clustering rare earth elements in the Choghart iron
mine. Ghezelbash et al. [12] applied the K-means
method to enhance geochemical anomalies.

SOM is structurally similar to the K-means
method, but the topology is much more complicated.
This method is first trained using training data and
then implemented on test data [13]. The SOM method
is an unsupervised machine learning method that has
a great ability to visualize and cluster geochemical
data. The protective feature of the SOM method has
made it a popular and widely used method. The most
important advantage of SOM is that it has a good
visualization ability for geochemical data and
mapping it. In this research, the SOM method has
been used to analyze drilling data in the Lar porphyry
deposit area in Sistan and Baluchistan province. In
addition, the K-means method has been used to
compare the results. The purpose of this research is
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zoning and identifying high-grade zones in the Lar
Porphyry copper deposit.

2. Geology and mineralization

Copper-Molybden Lar deposit is located in Sistan
and Baluchistan province, 20 kilometers north of
Zahedan and near the Iran-Pakistan border, and it has
longitudes of 60° 51°, 55° 60° east, and latitudes of
40°29 and 45°29 north (Figure 1) [14].

Lar copper-molybdenum deposit is located in the
Flyshi zone or Nahbandan zone — Khash zone in
terms of geological location (Figure 2a). Its eastern
limit is Pakistan and Afghanistan, its western limit is
the Nahbandan fault, and its southern limit is the
Makran zone of the Beshagard fault. The north-south
extension of this zone is about 800 km and its width
is about 200 km. On the north side, some of its
branches extend to the northwest and west, i.e.,
Basiran and Birjand, and surround the Shah Kouh
granite, and in the south of Birjand, it is separated
from Lut by a fault. There are no sediments older than
the Cretaceous in this zone. The Upper Cretaceous
facies are a type of flysch sediments mixed with
volcanic rocks, the thickness of which reaches up to
3000 meters. This area is covered by the Paleocene
and Eocene flysch units and they are cut by the Lar
igneous complex with a northwest-southeast trend
(Figure 2b) [16]. Intermediate igneous units form the
northeastern part and flysch deposits form the
southeastern part of the field. The internal igneous
rocks in the deposit are mostly syenite to monzonite,
which have been crushed under the influence of
tectonic factors and affected by hydrothermal and
surface solutions, altered and weathered, and show
copper-molybdenum mineralization. In addition,
igneous rocks such as tuff and lamprophyre, as well
as a smaller amount of metamorphic rocks such as
hornfels, are among the other rocks in the deposit
area. Lar region has at least two structural systems
(Figure 2c). The first category is the northwest-
southeast fault system, which is parallel to the
Zahedan fault, which is the main fault system and
extends with a steep slope to the southwest, in all the
intrusive masses including the mineralized area [16].
The main focus of mineralization is related to this
fault system. The other group is the northeast-
southwest fault system, which is younger than the
faults of the first group, which cut the sheared area of
Mount Lar and the thick limestones of the northern
layer of Mount Lar. In some cases, they have caused
the displacement of mineralized zones [16].

Mineralization of copper and molybdenum has
occurred in a scattered form and veinlets and veins,
both siliceous and sulfide, which follow the fracture
system of the host rocks and have a trend of north-
northwest-south-southeast. The host rocks show
variable degrees of endogenous and exogenous
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changes, which due to the similarity of the fluid
composition with the host rocks, have limited
expansion, lack zoning, and are generally siliceous
and to a lesser extent potassic, phyllic, propylitic, and
argillic. Mineralization in Lar can be divided into
endogenous and exogenous types, which have sulfide
and oxide subcategories. Endogenous mineralization
can be recognized by the presence of chalcopyrite,
pyrite, bornite, molybdenite, magnetite, hematite, and
anargite, and exogenous mineralization is identified
by cavelite, chalcocite, dignite, limonite, malachite,
and azurite, which are most widespread in the surface
areas. The exogenous enrichment zone in Lar is not
visible as expected. The reason for this phenomenon
is the small amount of pyrite and the lack of acid
production necessary for washing copper, and
probably the topography and special weather
conditions of the region were also influential in the
small expansion of this zone. The average grades of
copper, molybdenum, and gold in the Lar deposit are
0.16%, 0.01%, and 0.66 ppm, respectively, which are
spread in an area with a minimum area of 0.75 km2
[17]. Tt is worth mentioning that only a part of this
mineralization is exposed on the surface and most of
it is hidden.

The fluids involved in the quartzes of the Lar
copper-molybdenum deposit are very fine and often
two-phase, but despite this, due to the spatial and
generative correlation with the intermediate
porphyroid intrusive masses, the composition of the
constituent minerals, the size, and style of
mineralization, the uniform distribution of veinlets
and veins. Siliceous and sulfide deposits, of low grade
and large extent, are placed in the category of copper-
molybdenum porphyry deposits in connection with
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Shoshone rocks. The said deposit is different from
other porphyry deposits related to Shoshone rocks in
terms of the composition of the alteration agent fluid,
the physicochemical conditions of the formation such
as depth and high pressure, and the amount of host
rock subtraction that caused the abundance of
molybdenum and the reduction of gold.

It is worth mentioning that supergene minerals can
be seen up to a depth of 70 meters. In general,
supergene processes visible at the surface are closely
related to tectonic phenomena and are mostly
developed along main faults and fractures, and joints.
Their lateral expansion is also due to the influence
and intensity of hydrothermal fluids that affect only
large fractures and crushed areas. According to field
investigations and microscopic studies, the alterations
in Lar copper-molybdenum deposit are siliceous,
potassic, phyllic, propylitic, and argillic, the most
prominent of which is siliceous alteration. In general,
the usual zoning of changes in porphyry deposits is
not formed in this range. In the Lar copper-
molybdenum deposit, there is a hypogene zone after
a depth of 70 meters.

3. Data and methodology

In this study, 3234 samples taken from the drilling
cores of the Lar copper mine were used. The location
of x, y, and z were recorded for these samples. Then
these samples were analyzed for Cu, Mo, Ag, Fe, S,
Pb, and Zn with ICP-Ms method. The location of 17
boreholes and sample location are shown in Figure 3.
The statistical parameters of the main elements of the
Lar Porphyry deposit are presented in Table 1.

LS 06T

ST 6T

61° 30

Figure 1. Geographical location and access ways to Lar copper-molybdenum deposit.
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Figure 2. a) Map of sedimentary-structural zones of Iran b) Geological map of Lar copper-molybdenum deposit

on a scale of 1:5000, c) Dominant structural trends in Lar copper-molybdenum deposit [13].

Table 1. Raw data statistical parameters.

Statistical Parameters Cu Mo Ag Fe S Pb Zn
max 22787 3736.9 7.9 179582 24640 173 187
min 11 0.83 0.13 2454 51 3 4
std 1758.97 153.3062 0.43 7726.007 1818.4 7.80 16.23
median 630 28.1 0.25 26470 727 8 33
mean 2168.291  68.4487 0.35 45520.89 2254.8 10.33 37.09

1066

Nut8'0,TF 06T

Nut0'9.0F o6T



Jahantigh and Ramazi

A\

3.2861

1400

1300

1200

1100

1000

900 5l
3.2862

3.286
3.2859
3.2858

2.944
2,943

2.942
Figure 3. Location of boreholes and samples.

Data mining takes advantage of advances in
artificial intelligence and statistics. Both of these
fields work on pattern recognition and data
classification problems. Therefore, it will be
directly used in data mining. Data mining is not a
substitute for previous statistical techniques, but
rather their heir. It is the change and expansion of
former techniques to adapt them to the volume of
data and today's problems [18, 19].

Clustering is one of the branches of
unsupervised learning. The application of
clustering is to divide data into different groups. In
this division, in-group data contain the most
similarity and between-group data show the least
similarity [20]. The K-means algorithm is one of
the most important algorithms for clustering
problems. In this algorithm, all data are divided
into k clusters. The application of this algorithm is
divided into parts. In the initial part, one point is
considered as cluster center. It is determined which
data has the shortest distance to the center of each
cluster and that data is placed in that cluster. In
general, in the K-means algorithm, the Euclidean
distance method is used to calculate the distance
from the center of the cluster. When all data have
been placed in all groups, the first part of the K-
means algorithm is finished. In the second part of
the K-means application, the new cluster center is
defined. Based on this new center, the clusters are
updated and the distance from the cluster centers is
calculated again. Clusters are updated again. This
step continues until the clusters converge [21].

Network architecture and signal analysis used
in modeling neural systems can be divided into
three groups [22]. Feedforward networks convert a
set of input signals into output signals. The desired
input-output setting is often determined by
supervised and external tuning of system
parameters. In feedback networks, the input
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information defines the initial activity state of the
system. In third-order networks, neighboring cells
in a neural network compete in their activities using
two-way lateral interactions [21], and according to
specific identifiers, different patterns of a signal
grow. This category is called competitive,
unsupervised, or self-organized learning [23]. A
self-organized map is a type of unsupervised
artificial neural network that displays the samples
under training in a separate space. This network
uses an adjacency function to preserve the
topological properties of the input space [22]. The
Som network consists of neurons arranged in a
low-dimensional, two- or three-dimensional
network. The number of neurons may vary from a
few tens to several tens. The algorithm is similar to
the K-means algorithm, with the difference that in
addition to the most suitable weight vector, its
topological neighbor is also updated on the map.
This means that the area of the mentioned vector in
the network has a similar expansion. The final
result is that the neurons in the network are
regularized and the neighboring neurons get similar
weight vectors [24- 26].

4. Results and discussion

The purpose of this research is to examine the
data on the Lar Porphyry Copper Mine and its
zoning. To achieve this goal, first, the geochemical
data of this area were normalized, and then
clustering methods were used for its zoning. The
K-means and SOM methods were used for
clustering geochemical data. The input data of
these two algorithms includes 3500 samples for the
grade of Cu, Mo, PB, Zn, and Ag elements. The
optimum number of clusters was determined with
the silhouette method. This method is based on
calculating the distance between the members of
each cluster and the distance between prototype
clusters. The silhouette method shows the degree
of similarity of each point with other points in its
cluster compared to other points in other clusters.
To determine the number of clusters, the number of
clusters was considered from 2 to 10. The number
of 4 clusters was considered as the optimal number
of clusters. The results of K-means and SOM
methods with silhouette graphical method for 4
clusters are shown in Figure 3. Positive values
indicate that the clustering is done correctly, and
the width of each sample shows its degree of
certainty in clustering. However, in some samples,
the amount of silhouette is negative. However, in
some examples, the silhouette value is negative,
which indicates that the clustering is not correct in
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these cases. However, according to the similarity of
the silhouette diagram for the two K-means and
SOM methods, the clustering results seem
reasonable. The purpose of the SOM method is to
place data with large dimensions in two-
dimensional space. Therefore, in this research, the
drilling data of Lar copper mine with 3500 samples
and 10 characteristics including x, y, z, Cu, Mo, Fe,
S, Pb, Zn, and Ag were surveyed in two-
dimensional space. Based on the SOM method, the
data from Lar Copper Mine were divided into four
clusters. Based on this, the number of samples in
each cluster for the defined zones is 799, 1066, 738,
and 631 samples respectively (Figure 4). In the
mentioned figure, each hexagon represents a
neuron in the SOM neural network. In the present
study, a two-by-two structure is used in the SOM
neural network. The K-means method has also
been used to cluster the data of the studied area.
Four clusters were also considered for data
clustering with the K-means method. The graphical
method was used to evaluate the accuracy of four
clusters. Based on the above two methods, four
zones were defined for the Lar copper deposit.
Based on the above two methods, four zones were
defined for the Lar copper deposit. The average
grade of each zone with SOM and K-means is
presented in Tables 2 and 3. Also, the range of
different elements is shown in Table 4 and Table 5.
Zones 1 and 3 were defined as low-grade zones in
the deposit under study. tThe average value of
copper and silver in these two zones does not differ
much, but there is a significant difference in the
elements of lead and zinc as the elements of the
deposit margin. Also, the concentration of iron and
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sulfur in Zone 3 is higher than in Zone 1. However,
zones 2 and 4 are high-grade zones in the study
area. In Zone 4, the average grade of copper,
molybdenum, and lead is higher than in Zone 2.
The concentration of iron, sulfur, and zinc in zone
2 is higher than in zone 4. U-matrix is a useful tool
in the SOM algorithm. In this method, the line is
used as a basis for comparing the distance of
neurons. A lighter color reflects a closer distance
between neurons and a darker color indicates a
greater distance between neurons. Zones 2 and 3,
which are respectively the highest and lowest grade
mineralization zones, are the most distant. The
shortest distance is between zones 1 and 3, which
are the lowest-grade mineralization zones (Figure
5). Zone 4 in the upper part is the most valuable
part of mineralization. Zone 4 in the upper part is
the most precious part of mineralization, which is
related to the stockwork and vein part. The location
of the samples and zones in the drilling boreholes
is shown in Figures 6 and 7. Figure 6 shows the
location of samples and zones using the SOM
method, and Figure 7 shows the location using the
K-means method. Therefore, the difference
between clusters based on geographic coordinates
is shown in these figures.

Figure 9 shows the drilled boreholes in Lar
copper mine. The numbers in this horizontal
section indicate the grade of the samples. In this
section, the four zones resulting from the clustering
method are specified separately. As can be seen,
the quality of the samples in the upper part is higher
than in the deeper areas, and it confirms the results
of the SOM clustering method. The grades in each
borehole are randomly selected.

0.4 0.6 0.8 1
Silhouette Value

0 0.2

Figure 4. Silhouette plot a) number cluster with SOM b) number cluster with K-MEANS.
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Table 2. Average of elements in each zone in the SOM clustering method.

SOM
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method.

Cu MO Ag Fe S Pb Zn
Raw data 1204 59 0.35 27018 1224 10.27 36
Zone 1 689 41 0.26 26487 942 8.23 29
Zone 2 1822 71 0.45 27622 1330 9.74 43
Zone 3 558 50 0.24 28511 1409 10.2 36
Zone 4 1566 75 041 24924 1184 13.81 35

Table 3. Average of elements in each zone in the K-MEANS clustering method.

Cu MO Ag Fe S Pb Zn
Raw data 1204 59 0.35 27018 1224 10.27 36
Zone 1 1171 65 0.3 26807.78 1080 12.16 39
Zone 2 524 41 0.24 26846 1085 8.43 29
Zone 3 1142 70 0.36 26908 1337 11 36
Zone 4 2067 63 0.50 27564 1455 8.74 44

Table 4. The range of different elements in different zones by the SOM method

Cu Mo Ag Fe S Pb Zn
Zone 1 10759 1563.97 447 110857 13914 62 86
Zone 2 22769 3735.87 7.7 174936 17219 168 165
Zone 3 5585 1102.88 0.96 57257 22822 136 119
Zone 4 12423 1517.1 3.85 65842 24580 50 94

Table 5. The range of different elements in different zones by the K-MEANS method

Cu Mo Ag Fe S Pb Zn
Zone 1 22746 3735.87 327 84290 12055 102 176
Zone 2 10761 1563.97 447 110857 13914 139 86
Zone 3 12425 1517.13 3.85 68896 24580 50 128
Zone 4 20394 3414.38 7.77 174936 17219 168 165
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Figure 7. The Result of the SOM clustering method. The
borehole data is divided into four zones.

1200

1100

1000

/

900

3.2858

%108

L

2.04352.943 2.94252.942
2945 2.94452.944 e

4

___
» © ©
& &

N

Figure 8. The result of the K-means clustering method.
The borehole data is divided into four zones.

1069



Jahantigh and Ramazi

1800

1600

1400

1200

1000

Journal of Mining & Environment, Vol. 16, No. 3, 2025

668

155

446

312

Zone 1

554

212
o —— 2 e e T ——

1502 673

976 315
172 \$3
90

Zone 2

-11800

Zone 3 Zone 4

1600
al 1400
352 445

1200

1000

—
+
Kilometers

Figure 9. Cross section for validation of SOM clustering method.

5. Conclusions

Different methods have been used for clustering
geochemical data, which were mentioned in the
introduction. In this article, K-means and SOM
methods are used for clustering drilling data in the
Lar porphyry copper-molybdenum mine. SOM is
an artificial neural network that transforms
geochemical data from multidimensional space to
2D space. In this study, SOM clustering methods
have been used for zoning the drilling data of the
Lar copper mine and the results were compared
with the K-means method. Using these two
methods and relying on the silhouette method, the
number of clusters was considered equal to 4. K-
means and SOM methods show relative similarity
in the number of clusters. However, the number of
negative samples in clustering by the K-means
method is more than the SOM method, which
shows better results of SOM in clustering
geochemical data in the studied area. Also, by
comparing the average data related to each cluster
in the two mentioned clustering methods, it is clear
that the clustering operation and separation of sub-
zones in the SOM method have been separated with
higher accuracy. By using this method, it creates a
perspective on the areas with higher grade
distribution and also with lower grade distribution.
This point of view can be used in additional
discoveries and also in the extraction stage.
According to the obtained view and considering
that the high-grade zone (zone 4) of the wells has
not been closed, it is possible to recommend the
continuation of drilling operations in the east of this
area.
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