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1. Bayessian

2. Artificial neural networks (ANN)
3. Genetic algorithm (GA)

4. Fuzzy systems (FS)

5. Swarm intelligence (SI)
6. Evolutionary algorithms (EA)
7. Tunnel Boring Machine(TBM)
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1. Ant Colony Optimization(ACO)
2. Evolutionary Algorithms(EAs)
3. Simulated Annealing (SA)

4. Input layer
5. Hidden layer
6. Output layer
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Fig. 1. The general trend of artificial neural network schematically (Basheer and Hajmeer, 2000; Bazdar et al., 2015a)
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1. Feed Forward
2. Back-propagation

5 bl 25 T o ot (8 s e Sk
s s Sl &5 0 3 o e S )|
Lo 635,55 om (o2l 385 Lals, 8 (diles | 53 015 0 1)
Nt ls oSS e 13 0T sl (s 5
3 S e Jos (S5l Hsba &S Wileds S5 (slesle olis
8351 olis ol S50 655 50 e Sl eI L
519 03 (8 s e La Sh s B T el s
CSb s sl Lady 5 ol (bl sl 05 b > 5
T e S oy A U S il la
.(Doulati Ardejanii et al., 2012) s 55 1|, Kan o 4l

395 olb bl 1 uSlS e g as GBS



oy e y® (Slomlome (9o i piey la gy 0 )5 0 (S 5950

05 JLo) ¥ ojles A al>

Singer and Kouda, ) 15,5 5 Ko K5 tags 5o
SVl o sme e S5 al gl 05y i, (1999
13U el s2le 00 sud T abs 53 (6 5le 51 ool (slaesls by
S5 Gblis (suaib slas 4S50 0L gyl isls el
s S iy S oKin S5818 05 Gbla 5 15418
055 Fas o S 358 o0 43 5 0 Ve e s
el Aol e 4 el

Si( sayy s (Brown et al., 2000) ol 5 03l
p—ﬁ.u—@‘ o L aS ) sty Vi oy ae
3551 st e g 0dys (355aT Hlasl ey S5 0SS
"GIS (5 iy 0313 45 gomea 3l 03lizal LMo (51 5 deluua Ghlia
osliul (lda pg g cld iy aibate ViV e e Wl Gl
(i Amn (SLa Jud anlid e ol 0315 4s gazes S5 S
S Yy il syl i b
GIS jleslecul U 5 52 g0 Sledbl s 4 ailets 5 1548
el Lol (1l b 8 5ime (s G5 5T 5 S 5
el (5 4L e &y gt Jiko 35507 4 5 JSC0)
ik s ol Ol AL Y oL eSS LT s 5 Jstas
S b g Laosls ol 5l eslial U aibate Sdas Ul
L oUly aih (o sman oo i Jbo 5T 5,57
(el A g 5L Glate 55 Aalsh 059 Sy ) eslinul
PR Gl gy 4 S | o sme pae b e LTI
s olas

s 3l eslizul U «(Skabar, 2003) LSl iagi 53
o adlaie 53 Gdas Ul g AT ) el (8 s (a8
S i )b LS sl Ul (L Sy o
(ol ey (SLm 03l Lol a3liil 5y g (63555 (SUa ke
Sedaal Csty Ul 4kl 3 g ailate gl 85 5 ¢S50 45
Sesleul by g (A3 sla o) 2 Lo 53 (o) 2 =)
sl gl B bk ¢t gl s,

«(Fung et al., 2005) 01 ,Les 5 555 ¢ s hbsh o

1. probabilistic neural networks (PNN)
2. Logistic Regression (LR)

3. discriminant analysis (DA)

4. Geographic Information System (GIS)
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Fig. 2 . Relationship between GIS thematic layers and feature vectors used as input to the neural network (Brown et al.,

2000).

1. Polynomial Neural Network(PNN)
2. General Regression Neural Network(GRNN)
3. Back Propagation Neural Network(BPNN)
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1. Parzen window density estimation based approach
2. Gradient descent
3. Feature Vectors
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1. radial basis functional

2. radial basis functional link net(RBFLN)
3. k-nearest neighbor(k-nn)

4. multi-layer perceptron
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3. least squares support vector regression(LSSVR)



v oy (SFlolome ogn aid i o g, 0,8 p (IS 50

05 JL) ¥ ojles A al>

Sausly 5 LgT ol ( Kolues j5 w50 A 148 5l 0l
03 Olady 4l o pdle Jde (6l 5 (39,9 Ol e 4 paades aba
Wl ;5 el g die ST s w8 L
L Olaity Sls 0 pmbile Jdoe (s3lgintiy olii bt (6395
S S p0) Oty 515 ile i o Jole 5 B S
o L e e SEL (XSS RVIPL L
($3lgint Lty 15 5 edle Jde (63555 (sl & sl Olis

.g;..ﬂlJiL.a Jde 95 31 s

Original 14 |

(variance)

bands |
ASTER PC bands =
Training
points
IC bands
Slope
| Classification
DEM —{  Curvature poimis
|
Roughness :
_ . Validati
Susceptibility | > algii::?:n
. (mean) | e
Aeromagnetic |
Susceptibility |
|

Lo aleS ame (slaosls 45 oKin .l 0350 (31 Wl
Aol SRl e ad (St il ST 5 oS
anbas ¢l 8 5 )y 45 gad oS ST Uy ey 3 8 b 0T S
Aile (ol o (i Sl hgy (A o A g5 aalad
s 5 4 5ols SLSsl LS ¢ Jpene Ko S
Sl Oty S1s  ebile () 2 (pl 03 A STl
I3 omtle slaad jo s oslizal 55N Dl 5 e
5 oLl &85 05 S Lo 5 et 5 L (sligy 5 0Lz

=l .uﬁuijggubaw&wuﬁ,,ﬂ

4 Amphibolite |
4 Dolomite
"‘I.( Quartzite
« Mica-schist
v Cale-schist | |
SVM * Lithological Map
A Granite |
Limestone
< Vegetation

Y Water bodies

Y Dry streams

(Yuetal, 2012) olociy jlop opile Jawg gamaids o] S auo A S

Fig. 8. Overview of SVM classification process (Yu et al., 2012)

Ol ATL 55 (oS 5 6Snlty 05l AT LU s 2y
3L Soranl 31 05l AT 5 o Sl ol 0l S5
e SN S) €y gl sl o g 23m 10055
Osal 5 oosal 534S (Liwsd Oluziy Hls p cpile (glaad 5o
S Vg /) C s ckmdls o o THLS Laesls
O el AT GbLio (s 03lizal C 5 (5l palin opl oS oK

\~~j.x_.;)>‘\ag,,_§j4_3:j.x_>¢j>l_3¢§:_mlzij¢§_u

1. Fluid inclusion

Abbaszadeh et ) 01,LSus 50315 mle 505 i s
L 05 g (S by 31 oo 0,55 O gl AT Gblia o(al., 2013
Mo Oty )l pdble e el 5,850 s L
sie a5 ¢ b sl Sledbl T 655 48 gomes .5 S
ol 5 S (G i s 58 (Ken les e |
ks e 0L |y aibete 53 (6)ls gl gas LB & IS s

wdju@lfsﬁodﬁwuwjjwu‘jg&lq-gT



oHlKen g 4l850 ays

Malekzadeh Shafaroudi and Karimpour, 2015; )
.(Malekzadeh Shafaroudi et al., 2015

w Alteration Patterns

e
T

ST e )
T TS T SAN T
"—‘\J.—‘\‘._

Slaoig s 5 O gl AT bl T RN G ANE r.hﬂ Loy
C)|J§_£~A55.;j Sl 05‘5}_.!: LSL“J"-"—' PR 9 L;'al."::fl
Llos 5SS a1 bl p TN

A-A Section

Argillic -1 Phyllic alteration

Argillic alteration

No Information

v

1600 -

1400

T i T T T i i

T
100 500 900

) 1
1300

T L — L
1700 2100

(Hezarkhani and Williams- sas oo o)Lis | sais s ,la> bl xlaw 59, slaolos A-A ahaiio 1o oyl 2T slogysy Jilogy & S

Jones, 1998)

Fig. 9. Profiles showing the alteration zones along cross-sections A-A. Numbers on surface indicate drill holes

(Hezarkhani and Williams-Jones, 1998).
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Fig. 10. Prediction values and real values of ore grade (scale) (Li et al., 2010a)
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1. Thiessen polygons

2. Ratio distance power inverse

3. Kriging interpolation
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5. Relevant Vector Machines (RVM)
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Table. 2. Comparision between performance of three method used in Nom district located on state of Alaska (Dutta et

al., 2010)
Statistics SVM NN OK
Mean Error -8.1 -1.30 33.54
Mean Absolute Error 341.2 351.50 353.02
Root Mean Squared Error 563.13 564.34 565.23
R’ 0.234 0.191 0.193
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Fig. 11. Workflow of the approach considering the sample points inside the Bay (Oommen et al., 2011).
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1. Membersip Function

2. Fuzzy Inference System(FIS)
3. Knowledge base

4. If-then rule
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2. Mamdani fuzzy inference system
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5. Takagi Sugeno Kang FIS
6. Knowledge-Driven
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1. multi-criteria decision making (MCDM)

2. Fuzzy outranking approach

3. multilevel fuzzy comprehensive evaluation
4. asymmetric fuzzy relation analysis

5. fuzzy analytical hierarchy process (AHP)
6. Vectorial fuzzy logic
7. Lineament
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Fig. 15. CANFIS architecture (Tahmasebi and Hezarkhani, 2012b)

1. Coactive Neuro-Fuzzy Inference System(CANFIS)
2. membership functions
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1. Zone Dispersed Mineralization (ZDM)
2. Levenberg—Marquardt (LM)

3. Support Vector Regression (SVR)

4. Particle Swarm Optimization (PSO)
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1. self-adaptive learning based particle swarm optimization (SLPSO)
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Introduction

Mineral exploration is a process by which it is
decided whether or not continuing explorations at
the end of each stage t will be cost-effective or
not. This decision is dependent upon many factors
including technical factors, economic, social and
other related factors. All new methods used in
mineral exploration are meant to make this
decision making more simplified. In recent years,
advanced computational intelligence methods for
modeling along with many other disciplines of
science, including the science of mineral
exploration have been used. Although the results
of the application of these methods show a good
performance, it is essential to determine the
mineral potential in terms of geology, mineralogy,
petrology and other factors for a final decision.
The purpose of this paper is to provide a
comprehensive set of mineral exploration research
and different applications of computational
intelligence techniques in this respect during the
last decades.

Materials and methods

Artificial neural network and its application in
mineral exploration

Artificial neural network (ANN) is a series of
communications between the units or nodes that
try to function like neurons of the human brain

(Jorjani et al., 2008). The network processing
capability of communication between the units
and the weights connection originates or comes
from learning or are predetermined (Monjezi and
Dehghani, 2008). The ANN method has been
applied in different branches of mining
exploration in the last decades (Brown et al.,
2000; Leite and de Souza Filho, 2009; Porwal et
al., 2003).

Support vector machines (SVM) and its
application in mineral exploration

SVM uses a set of examples with known class of
information to build a linear hyperplane
separating samples of different classes. This initial
dataset is known as a training set and every
sample within it is characterized by features upon
which the classification is based (Smirnoff et al.,
2008). The SVM classifier is a new method that
has been applied in mining exploration in recent
years, for example for separating alterations in
initial stages of mining exploration (Abbaszadeh
et al., 2013).

Neuro-fuzzy methods and its application in
mineral exploration

The base of fuzzy logic is to make flexible
borders between different samples. By applying
this method with other methods, we can improve
their performance. The adaptive neuro-fuzzy
inference system (ANFIS) is one of the useful
approaches in this branch of intelligent methods in
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mining exploration. For example, we can note the
use of this approach in mineral mapping (Porwal
et al., 2004).

Hybrid computational intelligence methods
and its application in mineral exploration

In order to improve the performance of
intelligence methods, often a hybrid form of these
methods and optimization algorithms is a fit
option. For example, Genetic Algorithm (GA),
Ant Colony Optimization and Particle Swarm
Optimization (PSO) have been applied with ANN
and SVM in research studies. For example,
(Chatterjee et al., 2008) applied a genetic
algorithm-based ANN for ore grade estimation.

Conclusions

Earth sciences in general and more specifically
mineral explorations have always been a part of
science that encompasses all the factors involved
due to their complexity and the factors that
influence them thereby making the solution very
difficult or almost impossible to solve. Because of
the difficulty of accurate measurement parameters
and boundaries, in recent years, researchers have
been trying to use modeling in order to simplify
natural disasters for better evaluation. One of the
models that has received a lot of attention in
recent years is modeling with of computational
intelligent methods. The appropriate results show
the usefulness of these methods.
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