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1-Introduction

Recognition of mineral resources, aimed at determining prospective zones, requires simultaneous
consideration of various reconnaissance layers, including lithology, geochemistry, geophysics, faults,
alteration, and remote sensing datasets (Ghezelbash et al., 2019; Sun et al., 2022). Combining this dataset
as a basis for creating an appropriate mineral potential map is optimal for reconnaissance programs (Cheng
et al., 2023; Liu et al., 2019; Zekri et al., 2019; Zuo et al., 2021). There are two distinct methods for
providing mineral potential models: data-oriented and knowledge-oriented methods. Each method has some
advantages and disadvantages. This study demonstrates that shortcomings can be overcome by developing
a powerful method utilizing the semi-supervised support vector machine algorithm. It is where complex
lithological evolution and multiple stages of mineralization take place. The semi-supervised method is a
model that includes both supervised and unsupervised procedures. In this study, a semi-supervised Support
Vector Machine (SVM) algorithm was used to create a mineral potential map for the Sounajil region in
northwestern Iran. More specifically, Gustafson-Kessel clustering was employed to cluster the training
data, followed by the application of the SVM method for supervised training classification, which can
enhance the performance of the mineral potential map.

2-Materials and data processing

Since the evolution condition of porphyry copper deposit formation is complex, selecting zones with high
potential is a challenging task. To solve the problem, the new machine learning methods (a combination of
supervised and unsupervised methods) were used to produce the mineral potential in the Sounajil zone. A
set of reconnaissance traits (information layers) was provided for this purpose. The final mineral potential
map was created using these raster layers, which have 83,408 data points (pixels) with a resolution of 15 x
15 meters. Figure 1 and 2 shows reconnaissance layers, containing 10 information layers.
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Fig.1. Continuous evidence maps: (a) Geological, (b) Argillic alteration, (c) Phyllic alteration, (d)
Propylitic alteration.
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Fig.2. Continuous evidence maps: (a) Geochemistry, (b) Au raster map, (c) Sb raster map, (d) Cu raster
map, (e) Cd raster map, (f) Ag raster map.
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3-Results and discussions

A combination of clustering and support vector machine was used to produce a powerful prediction method
for the reconnaissance of porphyry copper in the region. Thus, information layers, containing 10
reconnaissance traits, were obtained. The pixel size was 15x15 when providing reconnaissance traits.
Therefore, the total number of pixels used for constructing the decision-making matrix and the process
continuation was 83,408. The Gustafson-Kessel approach was employed to cluster the training data, and
the results were compared with those obtained from using the full dataset to enhance the performance of
the Support Vector Machine (SVM) classifier. It is anticipated that the clustering technique will produce
more accurate results than using the entire dataset because it can separate the data into more internally
correlated clusters. The classification results were evaluated under various clustering scenarios. Clusters 2,
3, 4, and 5 were used to assess the outcomes in the first scenario after Cluster 1 was eliminated. Clusters 1,
3, 4, and 5 were utilized in the second scenario after Cluster 2 was eliminated. Clusters 1, 2, 4, and 5 were
considered in the third scenario, whereas Cluster 3 was disregarded. Lastly, Cluster 4 was excluded from
the fourth scenario, and Clusters 1, 2, 3, and 5 were used to assess the outcomes. The confusion matrix
revealed the lowest error rate (3.2%) in the scenario where Cluster 4 was eliminated, indicating that almost
97% of all samples were properly classified into their respective classes. The overall results of clustering
showed that this model achieved higher accuracy and better performance in determining promising
mineralization zones compared to the strategy using the complete dataset (Figure 3-7).
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Fig.3. (a) Potential map using unclustered data (b) Confusion matrix with 83% accuracy
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Fig. 4. (a) Potential map when the first cluster is removed, (b) Confusion matrix with 87% accuracy
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Fig. 5. (a) Potential map when the second cluster is removed, (b) Confusion matrix with 89% accuracy
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Fig. 6. (a) Potential map when the third cluster is removed, (b) Confusion matrix with 91% accuracy
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Fig. 7. (a) Potential map when the fourth cluster is removed, (b) Confusion matrix with 96% accuracy

167 ISSN: 2717—07§4




aVa

shahid Chamran Adv. Appl. Geol. Summer 2025, Vol. 15(2): 164 - 191

University of Ahvaz

4-Conclusion

This study employed a hybrid strategy of supervised and unsupervised SVM-GK machine learning methods
to assess the capability of these methods in generating a mineral potential map for the Sounajil zone. The
results show that using clustered data for classifier design improves the average accuracy by approximately
10% compared to using the complete dataset. Comparative results between all data and clustered data show
that the clustering-based approach is more efficient in developing the mineral potential map, owing to its
capacity to discover hidden data structures.
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Table 1. PC and eigenvalues , along with variance and cumulative variance for each of the PCs.

Elements PC1
As 0.31

Sb 0.82
Au 0.81
Ag 0.51

Bi 0.02

Cu 0.65
Mo 0.05
Pb 0.03

S -0.03

Zn 0.07
Hg -0.12
Cd 0.52
Eigen value 2.38
Variance 23.6
Cum.Var 23.6

PC2
0.59
0.17
-0.1
-0.14
0.51
0.05
0.75
0.77
0.19
0.09
0.12
0.42
1.93
16.1
39.7
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PC3 PC4
-0.44 -0.07
-0.05 -0.05
-0.09 0.05
0.06 0.66
-0.28 -0.13
0.14 0.05
0.07 0.13
0.12 0.01

-0.62 0.02

0.78 -0.02
-0.06 0.85
0.46 0.17
1.53 1.24
12.8 10.5
52.5 63
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Table 2. Lithologies of the Sonajil deposit and their advantages for integration

Lithology Score Lithology Score
Eocene (lower-middle) andesite 7 Sonajil porphyritic micro-diorite 9
Mega-porphyritic andesite 7 Slicic Dyke 5
Granitoid (Incheh) 5 Basaltic lava flows (Okuzdaghi) 3
Tuff & breccias 2 Young alluvium & old terraces 1
Young terraces & river deposits 1
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Fig.6. Continuous evidence maps: (a) Geological, (b) Argillic alteration, (c) Phyllic alteration, and (d) Propylitic
alteration.
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Table 3. Number of boreholes drilled in the Sonajil area

Number Boreholes
11 Old boreholes (SOL)
13 Porphyry-oxide boreholes (PH-OX)
3 Epithermal boreholes (EP)

90l slesls yrxs (gl e Clale ool Bl s wlal Al sou aid F Jgox
Table 4. Classification of boreholes based on changes in copper concentration diagram for determining training data

Abbreviation of boreholes for each class Number of assay ppm,) Classify
boreholes boreholes
SOL6 -SOL9-SOL10 -SOL15-SOL16-SOL17 6 C<1000 Cl
SOL12 -0X6-0X7-SOL8-0X5 5 1000<C<2000 C2
SOL7-SOL14-0X1-OX8-Ph2-EP1-EP4-OX4-Phl 9 2000<C<5000 C3
OX3 -Ph5-Ph6-SOL11-EP5-OX2-Ph3 7 5000<C C4

2500
é 4
&=

£ 2000

: 3
3

w

1500 "
4228

423
%108 702 701 7 6.99 698 697 6.96 6.951
Y (utm) X (utm) o

lorisiisid sosls of pon 4y (gam dw slos [ oolaiwl 8,50 sloaileS Condae -V S
Fig. 7. Location of boreholes used in the 3D view along with lithogeochemical data
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Fig. 8. Copper element concentration diagrams in training boreholes (Classes C1 to C4)
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Fig. 9. Location of training boreholes from classified classes C1 to C4 (according to Table 4) - Buffering is within a radius
of 100 meters.
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Fig. 10. Validation indicators with different methods
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Table 5. Data clustering results using the GK clustering algorithm in the Sonajil region

Number of Number of data ~ Number of data ~ Number of  Total = Clustering

data in the in the third in the second data in the data algorithm
fourth cluster cluster cluster first cluster
277 138 302 396 1113 Gustafson

Gustafson kessel
S et
v
Compute Validation Index

‘P ——

SVM Algorithm
Algorithm Selection ]

!

SVM Algorithm
0 Model Evaluation

Model Evaluatjon

l
==

| Performance measurement and selection of Mineral Potential Maps |

Fig. 11. Flowchart of the optimal mineral potentlal model based on the GK—SVM algorlthm in the Sonajil region.
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Fig.12. (a) Potential map using unclustered data, (b) Confusion matrix with 83% accuracy
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