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Introduction
Date of last review: The exploration and preparation of the potential map of mineral reserves requires the use of various
2023.12.30 methods and techniques, based on the geological and mining knowledge of the investigated area, and the

use of predictive models of mineral potential (Bonham-Carter, 1994; Carranza et al., 2008a). According
Dal it o to the investigations, the common models of map integration that are used in the discovery of mineral
2024.04.20 reserves in the initial exploration stage include index overlap model, fuzzy operators, weighted indicators

Date of enfine publication: and smart methods such as random forests and artificial networks. Determining the values of weights and

2024.04.20

scores that show the relative importance of the effective factors is the primary requirement in combining
the maps and preparing the mineral potential map (Agterberg, 1992; Brown et al., 2000).

The purpose of this research is to prepare a potential map of copper deposits in Dehj-Bazman region
using two methods of random forest and support vector machine. In addition, in order to compare the
potential map of porphyry copper reserves resulting from the random forest method, the support vector
machine method and the knowledge-based methods of index overlap and fuzzy logic were used.

Materials & Methods

The area studied in this research is a part of the magmatic belt of Kerman region, known as the Dehj-
Sardouye belt. The information layers controlling mineralization in Dehj-Bazman area include rock
units, structures, alterations, geochemistry, geophysics and copper deposits. In practical applications of
machine learning algorithms, mineral potential mapping is essentially a bimodal classification problem,
such that each undiscovered area is classified as prospective or non-prospective according to some

K ds:
eywords combination of mapping criteria (Zuo, 2011). The final results are a set of predictive maps that show

Geospatial Information target areas with high ore formation potential.In order to model, training was done. Before training the
random forest model, the input data set and the target variable should be prepared and then the model
Porphyry Copper Potential | shoyld be trained. The target variables for entering the random forest model and support vector machine

Mapping, were determined as deposit points (values of 1) and non-deposit points (values of 0). Then the genetic

System,

Random forests, algorithm was used to adjust the parameters ... p Page 48

Support vector machine
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Evaluation of the predictive performance of random
forest model and support vector machine can be described
by the ambiguity matrix. In this matrix, there are four
components, which are defined as: (1) a deposit sample
that is correctly classified as a deposit (TP); (2) a deposit
sample incorrectly classified as a non-deposit sample
(FN), (3) a non-deposit sample correctly classified as a
non-deposit sample (TN), and (4) a non-deposit sample
that is wrongly classified as a deposit sample (FP) (Liu et
al., 2005; Tien Bui et al., 2016):

(8) "Sensitivity "=TP/(TP+FN)

(9) "Specificity "=TN/(TN+FP)

(10) "Positive predictive value "=TP/(TP+FP)
(11) "Negative predictive value "=TN/(TN+FN)
(12) "Accuracy "=(TP+TN)/(TP+TN+FP+FN)

After training and evaluating different models, the
best model was obtained by adjusting different parameters
and it was used to integrate factor maps in order to predict
areas with high potential of porphyry copper deposits.
Also, knowledge-based methods of fuzzy logic and index
overlap were used to combine factor maps to compare
with the results of intelligent methods.

Results & Discussion

At this stage, the desired information layers were
collected and prepared in the GIS environment, and
then factor maps were prepared. Accuracy, sensitivity,
specificity, predicted positive value, predicted negative
value, kappa index and OOB error were used to evaluate
the performance of random forestmodel and support vector
machine. Also, the importance of the predictor variables
in the random forest model was evaluated through the
mean decrease in accuracy and the mean decrease in node
impurity or the Gini impurity index (Breiman, 2001).
According to the results, the most important predictor in
the random forest model is the geochemical map, while
the structures factor has the least impact in predicting the
preparation of the mineral potential map with the final
random forest model. In the potential maps of porphyry
copper deposits obtained from two methods of random
forest and support vector machine, the target areas cover
14% of the studied area, in which there are 92% and 87%
of known deposits, respectively. Finally, the efficiency
of machine learning methods and knowledge-based
methods were compared. In order to produce porphyry

copper potential map with knowledge-based methods, the
judgment of expert experts was used to assign weights
to each criterion map. For this purpose, weights of 0.3,
0.25, 0.25, 0.1, 0.1 were assigned to produce maps of
alteration factor, geochemistry, geology, geophysics and
structures respectively. In the potential map obtained
from the method of index overlap and fuzzy logic (fuzzy
sum), the areas predicted as copper mines cover 16 and
17 percent of the studied area, respectively, in which 83
and 79 percent of the existing mines are located.

Conclusion

This research was conducted with the aim of
evaluating and comparing the effectiveness of random
forest method and support vector machine method and
knowledge-based methods to prepare porphyry copper
potential map of Dehaj-Bozman region of Kerman
province. Based on the results, the random forest model
works well in the field of porphyry copper potential map
preparation with geochemical, geophysical, geological,
alteration and structures datasets. In addition, the random
forest algorithm can estimate the importance of factor
maps.

The results of this research show that the geochemical
factor map is the most important and the structure factor
map is the least important in predicting the data-driven
model of random forests. This estimate of importance
is consistent with geological knowledge about porphyry
copper mineralization in Dehj-Buzman region. In order to
produce porphyry copper potential map with knowledge-
based methods, the judgment of expert experts was used
to assign weights to each criterion map. According to the
obtained results, the performance of the random forest
model is better than the vector machine model, and also,
the performance of the support vector machine model is
better than the knowledge-based methods.
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4- Random Forest (RF)
5- Support Vector Machine (SVM)
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1- Geospatial Information Systems (GIS)
2- Index Overlay

3- Fuzzy Operators

4- Weight of Evidence

5- Random Forests

6- Neural Network
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