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1-Introduction

The cost and time limitations for mineral sampling (Parsa et al., 2022), modeling, and grade estimation methods are used,
which are very important due to the complexity of geological conditions (Ehteram et al., 2023). Mineral resource
modeling is the set of processes integrating evidence, such as investigating exploration data and extracting mineralization
predictive instance patterns to identify promising mineralization areas. The purpose of two-dimensional surface modeling
is to detect surface anomalies from the background, which is usually used in the early stages of exploration as one of the
tools for determining the location of drilling boreholes. In new methods, achieving optimal modeling will only be possible
with the simultaneous use of geological sciences, mathematics (statistics and probabilities), and computer engineering
(artificial intelligence). Today, with the advancement of technology and the use of computer programs developed in the
past and the form of artificial intelligence methods (machine learning algorithms and meta-heuristic optimization
algorithms), the modeling of mineral resources is done with minimal errors. This research combines the artificial neural
network (machine learning algorithm) and the particle swarm optimization method (meta-heuristic optimization
algorithm) to identify gold mineralization promising areas using the fuzzy overlay method in the Zailik region in
northwest Iran. The general process of performing this research is as follows:

1) Analyzing lithogeochemical data and performing necessary pre-processing on gold and related paragenesis elements.

2) Prediction and estimation of gold grade using ANN and ANN-PSO methods.

3) Comparison of quantitative evaluation criteria such as coefficient of determination (R%) and root mean square error (RMSE)
function.

4) Quantifying geological evidence such as lithology and alteration types such as argillic, propylitic, siliceous, and iron oxide.
5) Determining relative and comparative importance coefficients in artificial intelligence methods and geological parameters in
"Expert Choice" software.

6) Determining the promising areas of gold mineralization using the fuzzy overlay method in "Arc GIS" software.

2-Material and methods

In the Zailik exploratory area, due to the expansion and width of the mineral material inside the excavated trenches,
sampling was done unsystematically with variable distances and lengths (Fig. 1). These samples were analyzed in the
laboratory for detecting gold using the Fire Assay (FA) method and other elements using the ICP-OES method. Also, in
addition to determining the grade in each sample, that sample's lithology and alteration characteristics were recorded.
According to the results of the correlation coefficients matrix, cluster analysis, and the second component in the principal
component analysis, the elements Ag, As, Sh, Pb, and Mo were introduced as the most crucial gold mineralization
paragenesis in the exploration Area.

3- Results and discussions

The map of all geochemical and geological layers with the "AND" fuzzy operator (considering that several pieces of
evidence are necessary to prove the hypothesis) is combined with the fuzzy overlay method in "ArcGIS" software To
create the vein mineralization final model in the Zailik Area . The final predictive map of the promising mineralization
areas to continue the exploratory operations (proposal of drilling points) is illustrated in Figure 2. As shown in Figure 2,
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the detected anomaly in the SO1 vein in the north and northeast parts of the vein is more appropriate than in other regions
and confirmed by all the geological and geochemical evidence.
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Fig. 1. The location of the samples collected in the trenches of S07-S01 veins
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Fig 2. (a) Fuzzy weights map of geochemical and geological layers of vein SO1.
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Fig. 2. Continued. (b) Combined map using fuzzy overlay method and determining the final promising areas of veins
S01-S07 (c) Drilling points

4-Conclusion

In this research, to determine the gold mineralization promising area in the Zailik exploration region, the fuzzy overlay
method used geochemical (ANN and ANN-PSO) and geological layers (lithology, argillic, propylitic, siliceous, and iron
oxide changes). According to the modeling done in geochemical data, the ANN-PSO method and between geological
evidence lithology were principal factors in the final decision to determine promising areas for mineralization. In the
modeling performed with ANN and ANN-PSO methods, gold paragenesis (Ag, As, Sb, Pb, Mo) was used as input data
to estimate gold grade. The estimated value's locations were in satisfactory agreement with each other, and the geological
evidence related to gold mineralization shows the accuracy of the modeling in the ANN-PSO method. In these areas,
creating a robust silicified alteration zone with high amounts of iron oxides and the scattered alteration halos formation
around this zone (advanced argillic with moderate amounts of iron oxide) indicates the formation of a prone and promising
anomaly for gold mineralization in the area., the three drilled boreholes results were used, and the reliability of the
proposed promising areas was confirmed, to check the accuracy of the final modeling map.
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Fig. 3. Zailik exploratory area (a) Pictures of argillic, propylitic, and iron oxide alterations inside the trenches in the SO1
vein (northeast-southwest direction of the trenches) and also the image on the right side of the argillic alteration image
surrounding the silica vein S01 (view to the north-west) and (b) the figures on the left are images of andesitic rock units
in the zailik area (view to the north-east) and the figures on the right are images of the minerals of the exploration range
of zailik and (c) microscopic images with PPL light that show It shows the presence of pyrite, chalcopyrite, arsenopyrite,
bornite, covellite, and silica minerals in thin sections prepared from the rocks of zailik exploration area. The mineral
abbreviations are Si: silica, Py: Pyrite, Cpy: Chalcopyrite, Apy: Arsenopyrite, Bo: Bornite, Co: Covelite (Whitney and
Evans, 2010).
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Table 1. Raw data statistical parameter values (ppm)

Au(ppb) Ag As Mo Pb Sb

Min 3.75 0.18 0.38 0.64 7.00 0.74

Max 5982.35 54.69 1379.43 356.00 2806.09 729.29

Mean 52394 796 106.11  9.46 620.73 61.71

Median 276.00 4.70  65.60 6.04 54400 22.70

S. Dev 718.29 9.16 153.95 14.68 48154 106.18

Skewness 3.88 2.23 4,53 13.83 1.62 3.25

Kurtosis 21.03 5.96 25.37 308.76 4.04 11.85

U slo35hl (Smed colpo - Joor
Table 2. Correlation coefficients of Au paragenes
Au Ag As Mo Pb Sb

Au 1.00

Ag 0.67 1.00

As 045 048 1.00

Mo 0.32 0.24 0.20 1.00

Pb 057 0.64 0.25 0.25 1.00

Sb 0.47 0.67 050 0.17 0.47 1.00
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Table 3. Types of learning, transfer and training functions in ANN

Learning Transfer Training
function function function
Gradient descent Hardlims Levenberg-
momentum Marquardt
Gradient descent Pureline Quasi-Newton
Loasi Resilient
9319 Backpropagation
Scaled Conjugate
Softmax Gradient
Posline Conjugate Gradient
with Powell
Radbas Fletcher-Powell
function Conjugate Gradient
Satline Polak-Ribiére
function Conjugate Gradient
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Fig. 7. Input and output to ANN
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Table 4. Initialization in particle swarm optimizer

Initialization In Particle Swarm Value
Maximum number of iterations 500
swarm size 15
C1,C2 0.05,0.05
r1, r2 0.45,0.55
W 0.4

E)eﬁniﬁon of the net architecture (number of hidden an neurons]

PSO optimization

Generate initial population of particle with the variable of
each particle corresponding to the weight ANN

I

(Evaluatlon of objective ﬁmdlon]

|

[Calculate the P best of each particle and G best ofpopnlation]

OO

©

K

[Update the velocity, position, P best and G best of particles]

[Termlnaﬁon criteria met?]

Optimum weight values are obtained and they are used for
ANN architecture testing

| Predicted Output l

ANN - PSO Flow chart

PSO L ANN (g5l o )lgls -A JSCo
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Fig. 8. Input and output to ANN
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Table 4. Initialization in particle swarm optimizer

Initialization In Particle Swarm Value
Maximum number of iterations 500
swarm size 15
Cy, C 0.05, 0.05
ry, r2 0.45,0.55
W 0.4

E)eﬁnition of the net architecture (number of hidden an neurons]

PSO optimization

Generate initial population of particle with the variable of
each particle corresponding to the weight ANN

l

[Evaluatlon of objective mncﬂonJ
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[ Calculate the P best of each particle and G best ofpopulation]
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[Update the velocity, position, P best and G best of particles]
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[Termlnaﬁon criteria met?]

Optimum weight values are obtained and they are used for
ANN architecture testing
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Fig. 8. Input and output to ANN
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Table 5. Comparison of correlation values and error functions

Train Data Test Data
Model
R2 RMSE R2 RMSE
ANN 0.572 0.782 0.533 0.835
ANN-PSO 0.613 0.738 0.567 0.826
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