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In this work, we aim to identify the mineralization areas for the next exploration
phases. Thus, the probabilistic clustering algorithms due to the use of appropriate
measures, the possibility of working with datasets with missing sjaéunel the lack of
trapping in local optimal are used to determine the maldtinent geochemical
anomalies. Four probabilistic clustering algorithms, namely PHC, PCMC, PEMC,
PDBSCAN, and 4138 stream sediment samplings, are used to divide the samples into
the three clusters of background, possible anomaly, and probable anomaly populations.
In order to determine these anomalies, ten and eight metal elements are selected as the
chalcophile and siderophile elements, respectively. The results obtained shmashe a
of approximately 500 and 5,000 km2 as the areas of the probable and possible
anomalies, respectively. The composite geochemical anomalies of the chalcophile and
siderophile elements are mostly dominant in the metameggiidicintermediate rock
units and the alkalinenetamorphigntermediate rock units of the studied area,
respectively. Besides, the obtained anomalies of the four clustering algorithms also
cover about 65% of the mineralized areas, all mines, and almost 60% of the alteration
areas. Thevalidity criterion of the clustering methods show more than 70% validity
for the obtained anomalies. The results obtained indicate that the probabilistic
clustering algorithms can be an appropriate statistical tool in the regialal
geochemical explations.

1. Introduction

Geoctemical samphg of stream sedimenttthe
1:100000 scale is one dhe most important
regional exploration operationsespecially in
countries withdry climates such asran The goal
is to determinethe promising areas forthe
prospecting phasef metallic mineralslt is clear
thatthesearea are distinguishelytheintegration
of the geological, geophysical, geochemicahd
remote sensingdata [1]. The anomaly areas,
especially geochemical anomalies, are the results
of the integration. If the locatismand exterg of
geochemical anomaliesare determined more
exacty, the risk of exploratiorwill be smallerin
the next phase

Threshold determinatidio specify an anomalg
a statisticalgeological process As a whole, he
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threshold determinationmethods are broadly
classified into two categms The first one
comprigesthenonstructural methods th&dcus on
the frequency distribution of element
concentration Statistical parametemethods[2],
the probability of theppearancenultiplied by the
sample number method[3], the Mahalanobis
distance metho], thegraphcal methods such as
probability plot, box plgtandchi-square plo{5],
andthe disjunctive statisticsnethod[6] belong to
this categoryThe seconctategorycomprisesthe
structuralmethodsthatin addition toemphasizing
the frequency distoution of element
concentrationconsiderthe spatial variability and
correlation of the element concentrationrhe
methodssuch aghe U-spatial statistic§7], spatial
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filtering [8], moving averagg9], fractal models
[10], and kriging[11] are examplesof the seond
category. If the formation of minerals occurs
through simple geological phases and the
mineralization area is not subsequently influenced
by different geological phenomenon, the methods
in the first category are more reliable in identifying
theanomalas areasotherwise themethodsn the
second categonyill be more exacin this respect.

The tiresholddetermination methods, in terms of
the number of elements, can als®divided into
two groups (1) threshold determination methods
for uni-elemens; and (2) threshold determination
methods for twoelementsand multielements.
While dl of the methods listed in the previous
paragraphbelongto the first group multivariate
statistical, clusteringand fractal methodselong to
the secondgroup[12-14)]. Sincethe geochemical
samplesareoften multielement analyzedhe use
of the methodsfrom the second grouis superior
in this respectin this case, thanomalyobtained
will be amulti-element orcompositegeochemical
anomaly indicating an explorationpotential or a
mineralization arefor severaklementsThere are
a great numberof published scientific papers
dealng mostlywith thefirst groupof methods but
few publicationsonthe second group.

The dustering methods were first used by
Cdlyer and Merriam(1973)for theresolution of
similar depositdasedon the geologicalvariables
[15]. ThenRoy (198]) usedthe clusteing analysis
for the separation oflementsrelated to the
mineralizationarea [16]. Hierarchical clustering
[17], fuzzy clusteing [19], k-means clustering
[18], and nixture-modelclustering[2Q] algorithms
are the most importantiustering methodghat
have beenusedin the geochemical exploration
researchworks These algorithms havalsobeen
usedin boththeR and Qmodek.

The aim of this paper iso recommendnew
probabilistic  clustering algorithns for the
determination  of composite geochemical
anomalies. Four probabilistic clustering
algorithns, namely the probabilistic hierarchical
clustering(PHC), probabilistic enean clstering
(PCMC), probabilistic expectation maximization
clustering (PEMC)andprobabilistic densitypased
spatial clustering of applicatisnwith noise
(PDBSCAN),in the Q mode] will be employedo
recommendareaswith a potential for multimetal
exploraton. For this purposéhe streamsediment
geochemical dataf six shees at the 1:100000
scale (i.e. the Deh-Salm quadrangle)in the
southern part adheSouth Khorasan provinge the
east oflranis used.This regionis one of thenost
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importantareas b exploration inlran due tothe
presence of volcanic and plutommcksbelongng
to the Tertiary geological eral here isa hopethat
several worleclass deposits this part of Iran will
beintroducedn the forthcomingyears

2. Probabilistic clustering methods

Clustering is a process through which a series of
samplesis divided into several clusters sucha
way that the samples in each cluster are very
similar to one anothemwhile the clusterhas the
lowest possiblesimilarity [21]. In other words,
clustering is an unsupervisddta miningmethod.
The most important measure of similarity in the
clustering methods is the distance between the
samples in the spatial data clouiche dustering
methods are divided into four groypsgamelythe
linkagebasd, centroidbased, frequency functien
basedand densitypased techniqug¢2]. Eachone
of these techniques can clustée datsset into
eitherthe algorithmic orthe probabilistic method.

In the algorithmic methodsthe linkage measures
are usedwhich are simpler and more effective in
most cases. However, these methods suffer from
three serious disadvantagésstly, deselectn of

the distance measuresecondly the inability to
cluster the datetof which somevariables are not
measuredand thirdly local clustering of thelata
[22]. Nevertheless, apiphtion ofthe probabilistic
clustering methods can compensate for some of
these defects.

A generating model is used in the probabilistic
clustering algorithms. Thus it is supposed that in
these algothms the data of each cluster have been
generated by a probability distribution function (for
instance by a Gaussian, Bernoulli orother
distributionfunctiors), a part of which exists ia
data cluster. Suppose the mimensionabataset
is defined adollows:

8={1g T .., T2} (1)

where Tyis a multidimensionaldaia If the
datasetis generated bythe multi-dimensional
Gaussian distribution functions, the probability
that a sample such ag; b &is generated by these
models is equal tfB9]:

(&, R) = L(3g) =
7exp\FE(m Fe) ' F75T Fey)o (2)
¥(2¢ | N 2

=12,..,. (=12,..,°

where &, D9* and , B 9> * the parameters
of the generatigg model, arehe mean vector and
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variancecovariance matrix ofthe kth cluster,
respectively. I 3y} is the probability of thath
sample belonging to thkth cluster and c is the
number of clusters. Consequently, ttadue of the
likelihood of thisdatasebeinggenerated by these
modelsis equal to

c

(0(&, 1): 8= N ®3)
lee
Therefore, in the probabilistic clustering
algorithms we look for the model parameters (i.e.
d,and N) whose likelihood viae is maximized as
follows [36]:

0( &, F,) = argmax{ .(0( &, Fy): 8}

LT &, Rp)

(4)

2.1.PHC algorithm

The probabilistic hierarchical clusterind®C)
algorithm is one of the linkageased techniques
that use the connection method betwaée
samples. The sampldsatare more similar to each
other are linked by the agglomerative (bottam
merging or divisive (topdown merginy methods
[17, 21]. The aglomerative probabilistic
hierarchical clustering method is startedlétying
each samplén a cluster. Then the tw@gand 3y
clusters are merged if the distance between them is
not negative. This distance can be calculated using
the following equatiof22, 24]:

L l3\ € 3¢ (5)
L(3) L3«
Merging of clusters continues as long as the value

Vet Erp

of H ng is greater than zero. In other
EQ AkEo

words, the merging of clusters continues as long as

it improves the quality of clustering (i.a@slong as

a new cluter derived from the merging of two
clusters better matches a distribution function, like
the Gaussian distribution function). The mean
vector and varianeeovariance matrixare re-
calculated in each iteration for the Hgwgenerated
clusters.

@I3,3 (=arglE..« FHI

2.2.PCMC algorithm

The probabilistic emean clustering (PCMC)
algorithm is one of the centrelshsed clustering
techniques that was first introduced by
Krishnapuram and Kellg1993)[25. The PCMC
algorithm is based on the fuzzyntean clustering
method and is propsed to overcome the difficulty
of clustering the outlierg26]. In this algorithm, the
membership degree that broadly represents the
probability of each sample belonging to one cluster
is used In order b calculate the membership
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degree one should looKor ways to minimize the
following error objective functiof26]:

( é
(Tp, e & =1 1
FEE I¢t

(g GE( 7" EF) +

(6)

( é
Il (AF)?
4@ Iee

where @ s theprobability d the membership
degree ofthe ith sample inthe kth cluster,
@ Ty &) is the square distance measoféheith
sample from the center dfe kth cluster,mis the
fuzzifier parameter (often considerasin= 2), and
% is the resolution or scale parameterhich
should be calculated for each clusteguation(6)
hasthe followingconstraints

FCQ( C1 (=12,..,° =12..,. (7)
i (>0 (=12,..,° (8)
1€t

The inequalities (7) and (8) represent

respectively the removal ofthe normalization
conditions of the membership degree antibeing

null (any cluster of the samplesJinceit is not
possible taminimize Eq. (6) directlytheiteration
procedures are used to solve this problem. In this
casethe degree of membership, the center of each
cluster andthe scale parameteareupdated using
the following equation§26]:

€ 1, & B .
(p:(1+(¥t“)) a29) 7t

)
(=12,..," =12,..,:
Aéee (B
b= ———s (=12,.., 10
* A\ccE(g ( )
A (B (81, ¢
rr:-LM (=12,..,° (11)

P G

where K is a positive constant factor usually
consideredo beclose toone[26]. Applying the
PCMC algorithm is considered as the first sfage
and isdone by selecting the number of clusters and
a random selectionf dhe cluster centerslhis is
followed by the iterative steps including
calculating the distance measure of each sample
from its cluster center and updating the
membership degree, the center of each clushel
alsothescale parameter. If the followimgequality
is establishedheiterationsteps willstop and the
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membership degree matrix of the penultimate stage
(i.e. 7§)ywill be considered as the answaf].

1=7. 705 F 75 .< (12)

where Ois the stopping criteoh defined by the
user.

2.3.PEMC algorithm

Th probabilistic expectation maximization
clustering (PEMC) algorithm known as the
random expectation maximizationwas first
introduced by Celeux and Diebolt (19828]. The
PEMC algorithm is one of the frequenftynction
based techniquesthat seeks the maximum
likelihood estimatéy optimizing the estimates of
the statistical paramete of the models. This
process is achieved in two stefi3:anexpectation
step (EStep) and (i) a maximization step (M
step) [29]. The PEMC has four advantages
compared to the conventional ENB) it has a
higher speed in each iteratiob) it provides
optimal solutions with missing daté) it does not
becomdrapped in local optia and(d) it provides
better estimateof the statistical parametefg3].
The PEMC algorithm includes the following
iterative seps R3, 29-30:

1. The initial random sektion of the probability
model parameters for each clusteas follows

&= 0(&, K)  (=12,..,° (13)

2. E-step: Calculation ofthe probability of each
sample belonging to each cluster with the following
formula

ST GIE N €
= I(2 = __= -
: a AE@EL(H &) AE@E‘(SD)

(14)
=12,..,. (=12,..,°
The valueof 2 3,); can befound by Eq. (2).

Therefore, the samples belong to the cluster having
the highesvalueof \{

3. M-Step: Calculatin ofthe statistical paramete

of each cluster according to the samples of each
cluster to achieve the maximum likelihood using the
following formulas

BT (&)

& = Et—m (= 1,2,.., (15)
- Béce (&)1 Feg(T Fép!

' A\E@E (&l 7) (16)
(=12,..,°

1062

Journal of Mining & EnvironmenVal. 11, No. 4, 22C

where &, is the primary probability of each
cluster and can be computed by dividing the
number of samples each clusteinto the total
nunber of samples. léach cluster is supposed to
contain the same number of samplie primary
probability will be ép= 1V\35; otherwise this
parameter will be updated in each iterafidtj.

4- The iterationsteps 2 and 3 until the convergence
of clusteringareobtainedaccording tahe following
inequality or conditio23]:

1=7.<g>F F<p.<
K (17)

=NCI{.(: &}

In this case, thenatrix <gjwill be the solution.

2.4.PDBSCAN algorithm

Theprobailistic densitybased spatial clustering
of applications with noiseDBSCAN) algorithm
known as fuzzy logic, for uncertain dateasfirst
introduced by Kriegel and Pfeifle (2005) as
FDBSCAN]32. It was later developed by Xu and
Li (2008) asthe probabilistic DBSCAN algorithm
[33]. This algorithm is one of the densitgsed
techniques possessing the potential advantages of
the probabilistic clustering methods listed above,
compared to the conventional DBSCAN method.
In this methodf clustering data, theamples with
the density neighborhood are considered as a
probabilistic object or sample core. Then by
connectingthe probabilistic core samples to the
samples in the neighborhodtie density areas are
obtained thaftare considered as a clustdn this
algorithm, Q MinPts andp parameters are used.
The Q MinPts, and p parameters areamelythe
neighborhood distancegighborhoodiensity and
probability thresholds respectively. These
parametergre defined by the usdt is necessary
to provide the following dfinitions in order to
employthis algorithm[33-34].

I. Neighborhood of a sample: The uncertain
samples Tyand T are in the neighborhooi the
probability of their distance is less th@nd greater
thanp (i.e. A @Ty; H QY R L. Thusthe number
of samples that can be in the neighborhood oitthe
sample is equal to:

(Y b

=T E& b,V (C (FL&LEg (18

Il. Probabilistic core sample:An uncertainsample
Tyis called the probdlistic core sample if the
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number of samples located in its neighborhdod
equal toat leastMinPts(i.e. [N (Qp) | * MinPts).

l1l. Probabilistic density-reachable: An uncertain
Tysample is probabilistic directly densitgachable
from the uncetain sample Tgif Tyis a probabilistic
core sample andk is in the neighborhoodof T

Besides,the uncertain sampleT, is probabilistic
indirectly densityreachableby uncertainsample Ty
if Tgand Tyarethe probabilistic core samplesT, is

in the neighborhood of Ty and Ty is in the

neighborhood ofTy

IV. Probabilistic density-connected: The uncertain
sample T is probabilistic densitgonnected to
uncertainsample Tif both of them are probabilistic
densityreachable by another sample.

The PDBSCAN algorithm includes the following
steps:
1. A sample is andonhy selectedandthe algorithm
checkswhether it isa probabilistic core sample.

2. If the selected sample is a probabilistiore
sample, the first cluster is formed and all of the
samples thaare probabilistic directly or indirectly
densityreachabldrom andbr probabilistic density
connectedto this probabilistic core samplare
assignedo this cluster; otherwise they areoved
one step back.

3. Steps 1 and are repeatedntil all the samples
have beemssigned

In this algorithm, instead of calculating the
expected distance, the minimum and maximum
probabilistic distanceof the samples are used. For
this purpose, firstlythe R*Tree index is created
for all samples of the dataset (for more dstadfer
to Beckmannet al, 2012 [35]). Then for each
sample (e.g.Ty, if the minimum distance between
the sample and the minimum bounding rectangle
(MBR: A rectangle, oriented to the X and Y axes,
which bounds a geographic datagstlarger than
0 WKHQ WKH VDPShe prvheRThe % 5
remaining samples wilbe consideretb bein the
neighborhood of Ty For eachone of these
remainng samples (e.g. ), the maximum
probabilistic distance@o 4 Ty TY)), the minimum
probabilistic distance @£ Ty i), and thus the
estimates of the probability of its neighborhood can
be calculated33, 36).

3. Clustering validation methods

There are different critea for evaluating the
clustering methodswvhich can begroupednto the
threetypes of external, internaland relative[37-
38]. Clustering validation of the first two critari
necessitates timeonsuming calculations and
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statistical testawvhereas the third criten does not
requirethe use ofstatistical test$37]. The main
idea of the relative critaiis to choosethe best
clustering plans based on the fspecified critera
[39]. Theexternal and internalriteria can only be
used to validatéhe hardclusteringmethods. Over
the past years, seveintliceshave beempresented
astherelative criteria of which threeindicesare
used in thisvork. In general, there iso significant
difference in terms of superiority among these
indices What is of paramount importance is the
validity of one algorithmaccording toseveral
indicessimultaneouslyThe modified Huber inde
(MHI) is one of thendicesusedn thiswork, which
can befoundas follows[39]:
é7t &

T

/

I Zuduv (19)

I€E “@I>¢

where / = A JF1) W, P is the proximity
matrix of the dataseandQ is the distance matrix

from the cerdgr point of the clusters. These
matrices can also be calculated as folow

EU: GI?\, AN
(20)
30: GI‘E\,‘E\(,‘:l,Z,..,\:

where dgand &y are the cendl points of the
clusters that the samples i and j belorg,
respectively. The higher the indisxthefartherthe
centrl points of the clusterare andconsequently
the more compact the clusters are. Therefore, the
clustering algorithm will be morealid.

The DaviesBouldin index (DBI) is another
utilized index whosevalidity is not dependent on
thenumber ofclustes or the clustering algorithm.

In order b estimate this index, first)f{the measure
of dispersion for each cluster must be calculated as

ollave[39]:

éo

(=12, (@1

Er:©_il'
“F

66( il ’ EF)
(@

where J, is the number of samples arégis the
center of théth cluster. DBI i440]:
( B+ E

max ———

e B (&, &) (22)

=12,.,(F1,(+1,..,°

DBI indicates the average of the similarity
measure among the clusters. Therefore, a clustering
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algorithm that has the least amount of similarity
will be valid (i.e. minimum DBI).

The Rsquared index (RSlyhichis thesame as
the coefficient of determination, is another index of
cluster validity. This index is the ratio of the sum
of squars between groupsq %) to the total sum of
squarsof the whole datasety §. RSl is computed
by the following brmula[39, 41]:

45- 5¢_5.F5¢ -
where

¢ &
5= 1 1 (1 Fé&)8

EEE IEE

, (24)
5,=1 (1F¥¢

N@s

where ais the mearvectorof thewhole dataset.
This index value varies frofdito 1. The closer this
index is to one, themallerthe distribution othe
datawithin a clustelis and thelargerthe distance
betweenthe clusterss, which results ina higher
validity of clustering.

4. Geology ofstudied area

The studed area includes the DeBalm (or
ChahVak) quadranglewhich is located between
the coordinates of 580" to 60 east longitude and
31 to 32 north latitude. The area is locatedtie
South Khorasan province in the eastern part of Iran.
In terns of the geologicalstructural suldivisions
of Iran, this area is situated in the central pathef
Lut Block, eastern IranFHgure 1-A). The Lut
Block zone extends over ~900 Km time north-
south direction and ~200 Km inthe eastwest
direction and is one of the sulwontinents of
central Iran. This zonevas separated from the
northern parts of the Gondwanaland supercontinent
during the opening of the Nekethys in the
Permian period. Then it was connected to the
Eurasian supercontinent due to the cigsof the
PaleaTethys inthe late Jurassiq42]. The Lut
Block zone is limitedby Nehbandan fault and
Sistan zonen the east, Nayband fault and Tabas
subzonein the west, Sabzevar subsidennehe
north and UrumiekDokhtar magmatic arc and
Makran subdation zonen the southFigurel-A).

The southern parts of the Lut Block are covdrgd
alarge area of salt flats and Quaternary sediments
The visible igneous rocks aomly locatedon its
southern marginand arethemselves part of the
magmatic arc othe Makran subduction zofé3].
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However, the strikeslip fault activities on both
sides of the Lut Block in addition to the subduction
of the Afghan Block beneatht haveformed cale
alkaline rocks in large parts of the central and
northern parts of theut Block zone[44-46]. On
the Precambrian and late Jurassic metamorphosed
bedrocks, volcanic, volcaoclastic and sub
volcanic rocks and intrusive masses from the Late
Cretaceous ttheQuaternanare visibleg/47-48].
Figure 1-B showsa simplified geologcal map
of the studed area. Amphibolite schist and mica
schist metamorphic rocks of Precambrian,age
which have beenformed by metamorphism of
acidic igneous rocks, are the oldest rock units of the
studed area. The other part ¢he metamorphic
rocks conpriseshornfels, schistand gneiss of the
Lower Triassic and Jurassiavhich are more
visible in the central parts of thstuded area
(Figure 1-B). Intermediate igneous rocks include
three groupsincluding the Precambrian diorite
rocks Jurassic andesitand dacite rocksand
Cenozoic rocks. The third group contains mostly
Eocene dacitic and Oligocehiocene semideep
andesitic lavas. Moreover, the firand second
group rocks existn the form ofsmall intrusive
masses in the eastern part of gteded area.
However, the third groupof rocks forns an
andesite band from north to south in the central part
of thestudedarea. Besides, great dacite masses are
formed in the southwestern part of the region
(Figure 1-B). Alkaline igneous rocks are also
formedfrom two rock groupsnamelyCretaceous
ultrabasic rocks such as gabbro and serpentinite in
the northeastern part of thetuded area and
Oligocene alkaline basalts in the northwestern part
of thestuded area Figurel-B). A small part of the
alkaline igneous rocks is also characterized as
Pliocene basaltic rocksecognized as the youngest
igneous rocks of thetuded area.Acidic igneous
rocks are visible as granitic intrusive masses with
pegmatitic texturdrom the low to upper Jurassic
periodandEocane-Oligocene graniteand rhyolite
rockslocatedin the southeasterand middle parts
of thestuded area, respectively{gurel-B).
Crystalline  Cherty limestone rocks of
Precambrian agarethe oldest sedimentary rock
unit. Jurassic and Cretaceous segliary rocks
include conglomerate, rdd-brown sandstone,
shale, marl and marly and sandy limestone.
However, Tertiary sedimentary rocks mostly
contain nummulitic fossils.As a whole, the
sedimentary rocks are younger from the west to the
east. This meas that the Mesozoic sedimentary
rocks outcropmostlyin the westwhile theTertiary
sedimentary rocksutcropmostlyin the east ofhe
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studed area. The ntermediate to alkaline the wesern part of thestuded area Figure 1-B).
pyroclastic and tuffite rocks with an age of  Quaternary sediments are terraces, gravel fans, salt
Paleogene to Neogene are gelgelored green flats, and recent alluviumsvhich constitute a large

to gray and are mostly abundant in the margin of  portion of thestuded area Figure1-B).
the intermediate to alkaline igneous rocks and in
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Figure 1. Location of thestudied area with the geologicalstructural zones of Iran (A) (modified after Nabavi,
1976, and Stdcklin; 1968;61-62)) and simplified geology map of thestudied area (B) (modified after DehSalm
quadrangle, Geological Survey of Iran, 1992).

The subduction of oceanic crust from both sides  Oligocene age caused magmatid anetamorpla

(under the Afghan Blockn one sidend under the activities and therebyformed metal and nemetal
Lut Block on the othér during the Paleocene to mineralization areas in tlstuded area[43, 47, 49
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50. QalehZari copper mine is the most well
known mining index in this area. The genesis of
this deposit is of IOCG typ@ossessing @per as
well as economic gold and silvenineralization
[51]. Other mires of the studed area include
Mahor Cu deposit (Porphyry type), Kaviran Pb and
Zn deposit, Hired Au deposit (associated with
reduced granitoids), ChakZaghoo and Chah
Shalghami CtAu deposits (porphyrgpithermal
type), and ChahKolub and ShatKuh Sn and W

Journal of Mining & EnvironmenVaol. 11, No. 4, 22C

deposits (associated with reduced granitoids and
magmatieskarn depositsj51-54]. The genesis of
iron ore deposits of thetuded areais skarn such

as Bishehledeposits and placeln addition to the
above listed examples, tlstuded area includes
about 125 mineralizd ares with metal
mineralization. Figre2 depicts the locatiaof the
mines with their names and thmineralizd areas

of thestudiedarea.
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Figure 2. Location map of the miresand mineralized areasin the studied area.

5. Geochemical Dataset

The DehSalm quadranglewith an area of
15,000 K, is composed of sisheets,namely
ChahafFarsakh, Basiran, Kudegan, CHahshi,
DehSalm and BalaZard whose areas 2,500
Km? The geochemical exploration studies the
1:100000 scale running throughout Iran and
including 659 sheets are part of national projects
conducted by the Geological Survagyd Mineral
Explorations of Iran (GSMEI). 4138 stream
sediment samplesere collectedby GSMEIfrom
the studed area the samplenumberof each sheet
is shownin Figure 3. The sectiorof the samples
smaller than mesh size 80 was selected for
chemical analysis by IGRES. The samplesere
analyzed for 44 to 52 elements in thiedeatory of
GSMEI Also 147 duplicate samples were
collected in order to verify the sampling and
analysis methodsThe elative standard deviation
(RSD) calculated by Thopson and Howarth
(1976) method63] indicates thathe value othis

1066

parameter isdss than 5% for theajor elements
and less than 10% for the others.

32° 00’
Kudegan Basiran Chahar-Farsakh
N=843 N=585 N=586
31° 30’
Bala-Zard Deh-Salm Chah-Dashi
N=855 N=635 N=634
31° 00’
58° 30" 59° 00’ 59° 30’ 60° 00’

Figure 3. Layout of the 1:100,000 scale sheets in the
studied area with the numbers of their stream
sediment geochemical samples.

The location and distribution of the samples of
thestuliedarea are shown iRigure4. With respect
to the aim of thisvork, which is todetermire the
metal mineralization area, 18 elementsere
selected in the form of two chalcophile and
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siderophile element group§.able 1 shows the
descriptivestatistical prameters of these selected
elementsThe concentration of the stream sediment
samples is reduced due to their dilutibfowever,
whenthe means of the element concentratiares
comparedvith their Clarke numbershe rich metal
elementtudiedareais oltained(except fortheCu,

Hg, Cq and Ni elementsvhosemears areslightly
smaller than their Clarke numisgrTheskewness
and kurtosis values also represanhon-normal
distribution ofthe elements and mukpopulations

of the dataet Therefore, thestatistical parameters
indicate the existence of anomalies for these
elements in thetudiedarea.ln order todetermine
the extent of the composite geochemical anomalies
by the clustering algorithmghe following three
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steps were used Heeperprocesangtechniqueof
the dataset.

x Firstly, the censored date is replaced by 3/4
detection limits othe analytical methods

x Secondy, centered logratio (clr) transformation,
as suggested by Temel al, (2008 and Zhou
et al, (2017 for clusteringhegeochenical data
[18, 64], was used to convert the dataset from a
closednumber system to aropernumber
system

X Thirdly, the clrtransformed datasetwas

standardized to interval of zero to one range in
order to eliminate the effect of the measurement
unit.

Legend
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3520000 3540000

Figure 4. Location map of the geochemical samples on the topography map of tsteidied area.

6. Results andDiscussion

The source of the callkaline magmain the
subduction zones can be attributed to the formed
hydrated silicates derived from the metaptosm
and serpentinization of the basaltic oceanic crust in
the beginning of the process. With increases in the
pressure and water output from magma, the melting
point of rocks located in the upper part of the
oceanic crust is reducedand rhyolite and
rhyodacite magmas are formed. This compound, in
the vicinity of mantle rocks, produces a low
density garnepyroxenite composition rising like a

1067

diapir to produce the caklkaline magmag5)].
The magmatic activities in the sted area lead to

a relatively till range of igneous rocks from acidic
to alkaline and from intrusive to extrusiviéigure
1-B). A terrace and alluvial sediment unit covers
most of the stued area, followed by an
intermediate igneous rock unit (with an area of
2354 Knft, or representind4.9% of the stued
area) and then the sedimentary and acidic igneous
rock units. The alkaline igneous rock unit (with an
area of 239 Krhor 5.1%) is the least frequent in
the stuied area (Table 2).
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Table 1 Descriptive statistical parameters of the chaophile and siderophile element.

Variable (Unit)  Mean StDev  Minimum Median Maximum MAD  Skewness Kurtosis
Ag (ppm, 0.3747  0.454¢ 0.011( 0.225( 13.381 0.17 10.71 275.6¢
As (ppm 13.067  11.74: 0.30: 12.00( 518.00( 1.49( 30.5¢ 1184.0:
° Bi (ppm) 0.475¢  2.654¢ 0.094( 0.201( 57.128¢ 0.03¢ 14.01 224 .5t
= Cd (ppm 0.3368( 0.3765¢ 0.0103¢ 0.2250(  5.6092¢ 0.04 5.9t 53.7i
g Cu (ppm 37.7¢ 41.5¢ 0.15( 36.6: 1738.4: 9.2t 33.9¢ 1345.9:
% Hg (ppm 0.057¢ 1.79] 0.006¢ 0.022( 102.63¢ 0.007 57.2¢ 3281.9
5 Pb (ppm 23.05¢ 16.68c¢ 0.15( 23.79: 520.43 4.19: 19.0¢ 489.4¢
Sb (ppm 1.058(  0.885¢ 0.300( 0.950( 20.014( 0.2¢ 9.4¢ 121.9¢
Sn (ppm 4.630: 3.157¢ 0.150( 5.159( 28.159! 2.15¢ 1.18 3.04
Zn (ppm. 92.36¢  33.61! 0.15( 84.20¢ 589.04«  14.79: 3.0¢ 27.0¢
Au (ppb) 1832 14.897 0.300 1.000 703.255 0.3 41.70 1841.59
© Co (ppm 20.90¢ 6.65¢ 0.15( 20.60( 74.20( 4.z 1.0¢ 3.74
= Cr (ppm 171.2¢ 72.5: 1.5C 155.8¢ 1504.8( 31.8% 4.0¢€ 42.3:
g Fe (% 6.731. 3.527: 0.007¢ 6.511( 26.666° 2.97] 0.8€ 1.04
g Mn (ppm, 1112.: 450.2 1.5C 1116.: 6183." 395.¢ 1.0¢ 5.81
) Mo (ppm, 1.0 1.52 0.0t 0.8¢€ 79.0( 0.2¢ 41.8¢ 2111.2
Ni (ppm) 60.77.  31.82( 1.50( 51.61: 318.90(  13.29¢ 3.0¢ 17.3¢
W (ppm 18.87° 44.01: 0.35( 1.10¢ 527.00( 0.3¢ 3.4F 16.1:

Table 2.Areas and cwering percentage of the rock units in thestudied area.

Rock Type
Are (km?) 8752 741 239 2354 1346 2101 273
Percent 55.4 4.7 1.5 14.9 8.5 13.3 1.7

Due to the abundance of timeetal mires and
mineralizdareasn thestudedarea Figure2), the
aim of this work is to identify the metal
geochemical anomaliesSince based on the
Goldschmidt rules, the geochemical characteristics
of the elements are different, the selected metal
elements have been divided into twategories:
chalcophile ad siderophile (Table 1)\While the
chalcophile elements are heavy metal and- non
metal elements that have an affinity for covalent
bondng with sulfur to form sulfide mineralghe
siderophile elements are higlensity transition
metal elements with littleeactivity, and havean
affinity for creaing metallic bond and forning
pure metal or oxide mineral§56]. Thus the
composite geochemical anomalies of eank of
these two groups are drawn individually by the four
clustering algorithms.

The frequency ofthe main elements in the calc
alkaline magma depends on subtraction of the
magma silicates. Increas insilica often results in
areduction ofthe concentratiorof these elements
[55, 57]. The siderophile elements can be replaced
by Mg and Fe in the cryai lattice of olivine and
clinopyroxene minerals and aggregate in the rocks
when the calalkaline magma subtracts.
Meanwhile, wherhe amount of silica and the ratio
of the FeO/MgO concentration in the magraee
reduced the concentration of the chalcolghi
elements can be increasiy]. The formation of

multi-element geochemical anomalies in the rocks
of thestuded areadepend not only on the magma
type but also on two other factors, namely the
alteration and weathering processes. As the
samples usednithis work belong to the stream
sediment geochemical samples, the weathering
process contributes a lod the formation of the
anomalies The cetermiration and positioningof
these anomalies is investigated below.

All of the clustering algorithms resulh ithree
clusterswhose numbers are determinate by the
location of their central point§he first cluster is
the data population of theackgroundwhile the
second cluster is thdata population of theossible
anomaly and the third cluster is thata ppulation
of the probableanomaly(theses anomalies have
been defined by Hawkes and Webb, 19[&8)]).
The dataset has been divided into two categories
order to determine the composite geochemical
anomalies.The first category is related tthe
chalcophie elements while the second one is
associated withthe siderophile elements The
dataset of thefirst category is l@limensional
while that ofthe second one is@mensional.

Figure5-A shows the results of the geochemical
data clustering by the PHC gakithm for the
chalcophile elements. From 4138 samples, 1912,
1568 and 658 are clustered into the background,
possible anomaly and probable anomaly
populations, respectivelyesulting in 5111 and
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729 Knt of the possibleand probableanomalies.
Figure 6-A also shows the results of the clustering
performed bythis algorithm for the siderophile
elements The areas of thpossibleand probable
anomalies were obtaine8039 and 463Km?
respectively. In this case, 2082, 14%%d 563
samples are in the backgmd, possibleanomaly
andprobableanomaly populationgespectively. In
order to calculate the percentageerlap of the

Journal of Mining & EnvironmenVaol. 11, No. 4, 22C

compositegeochemical anomaliesn(Figures5
and 6) with lithology unitsif Figure 1-B), the
image processing technique is usede Tesults of
this process are presented in Tabld8e highest
percentageoverlap obtained by this clustering
algorithm belongs tothe terraces and alluvial
sedimentunit, while the lowest one belongs tbe
sedimentary rock unit

Figure 5. Predictingareas of background (blue), possibility anomaly (greenjnd probability anomaly (red)
populations for the chalcophile element obtained by the PHC (A), PCMC (B), PEMC (C) and PDBSCAN (D)
algorithms in the studied area.

In order b calculatethe optimal membership
degree inthe PCMC algorithmthe value of Ois
regarded as 1D Thusthe membership degree of
each sample is calculated @o accuracy othree
decimal places When this algorithm is used to
cluster the chalcophile elements data from 4138
samples, 2087, 125@nd 801 samples are placed
in the bakground,possibleanomalyandprobable
anomaly populations, respectively. The location
and exter¥ of the obtained populatiorseshown
in Figure 5-B. The ares of the possible and
probableanomalies have been estimated as 5197
Km? and 748 Krf respectiely. Thepossibleand
probableanomalies of the chalcophile elements are
more abundant itheterrace and alluvial sediment
unit followed by the intermediate and acidic
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igneousrock units. Thepercentage overlapf the
compositeanomalies with rock unitis thisstuded
areais shown in Table 3When clustering the
siderophile element data using the PCMC
algorithm, 1229, 1360and 549 samples are
clustered into the backgrounpgossibleanomaly
and probableanomaly populations, respectively.
The shapgandlocatiors of these populations are
also shown irFigure 6-B. The possibleanomaly
area of the siderophile elements is 4928Kamd
mostly overlap with the terrace and alluvial
sediment and intermediate igneous rock units,
while theprobableanomaly areafdhe siderophile
elements is 761 Kfrand is more abundant in the
terrace and alluvial sediment and sedimentary rock
units (Table 3).
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In the PEMC algorithm, the nearest mean
classifier is used for the initial selection of the
probability parameters of eactuster. Then these
model parameters are optimized in the next
iteration steps. Finally value ofGsmaller than 10
% is used as the stopping condition of the iteration
steps. Out of the 4138 geochemical samples
clustered by this algorithm, 2730 chalcophile
samples are placed in the background population,
and 985 and 423 chalcophile samples are piligin
possible anomaly and probable anomaly

Journal of Mining & EnvironmenVaol. 11, No. 4, 22C

populations, respectively. However, regarding the
siderophile elements, the numbef samplesare
2330, 1297and 511respectivelyFiguress-C and
6-C showthe obtained composite chalcophile and
siderophileelement anomalies, respectivelythe
ares of these anomalies and theipercentage
overlapwith the rock units of thetuded area are
alsoshown in Table 3. In this clustering algorithm,
the anomalies mostly overlap with the terrace and
alluvial sediment unitollowed by intermediate and
acidc igneousrock unis.

Figure 6. Predicting areas of background (blue), possibility anomaly (greepand probability anomaly (red)
populations for the siderophile element obtained by the PHC (A), PCMC (B), PEMC (C) aneDBSCAN (D)
algorithms in the studied area.

The triakand-error method is used to estimate the
neighborhood distance, the neighborhood density,
and the probability thresholds in the PDBSCAN
algorithm. The values of these parameters are
estimated a$>= 0.23,MinPts= 6, andp = 0.5. After
clustering the dataset, the numbers of samples of
the background, possible anomaly, and probable
anomaly populations have been calculated as 1652,
2333, and 153 for the chalcophile element datd
2180, 1834, and 24 for the siderophile element
data. The locations of the composite anomalies are
shown for the chalcophile elementsHigure5-D
and for the siderophile elementdHigure6-D. The
areas of these anomalies are also listed in Table 3.
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The obtained posdid and probable anomalies
mostly overlap with the terrace and alluvial
sediment unit followed by the intermediate and
acidic igneous rock units (Table 3).

Figures 5 and 6 show that the composite
anomalies obtained by both PHC and PCMC are
larger than thoseobtained by the othetwo
algorithms. Although the shapes of the composite
geochemical anomalies are different in the four
clustering algorithms, their extents and their
locations are almost identical. This can represent
the validity of the probabilisticlustering methods
to determinghe geochemical anomalies.



Geranian and Khajeh Mi

Figure 7 shows urelement geochemical
anomalies obtained by the concentratiamea
fractal method. The urelement geochemical
anomalies ofhe chalcophile elements, Figure7-

A, are concentratk in two areas, one in the
northwestern part and the other in the southern part
of the studied areaMoreover, comparison of
Figure 7-A with Figure 5 shows that the uni
element geochemical anomalies of the southern
part are more similar to the map Bigure 5-A,
while the anomalies of the northeastern part are
consistent with the map &figure5-C. Therefore,

it can be said that the PHC and PDBSCAN
algorithms and in the next stage the PCMC
algorithm have been able to determine the
composite geochemical analies of the
chalcophile elements well. In contrast, the-uni
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element geochemical anomalies of the siderophile
elements, irFigure7-B, are scattered throughout
the studied area. The results obtained from the PHC
algorithm and then the PCMC algorithm hatae t
strongest similarity té-igure7-B. Therefore, these
algorithms have been able to determine the
composite geochemical anomalies of the
siderophile elements better than the two another
algorithm (i.e. PEMC and PDBSCAN algorithms).
However, as a generasult of comparing between
the unielement geochemical anomali€sgure7)

with the composite geochemical anomalies
(Figures5 and 6), we can express the acceptable
performance of the probabilistic clustering
methods in identifying the mineralization asaa

the studied area.

Table 3. Areas of the composite geochemical anomalies with their overlapping percentage with the rock units o
the studied area.

Clustering Type of Type of Area Percent ofoverlapping with different rock units
algorithm elements anomaly (Km?)

Chalcophile Possibi_li_t) 5111 52.7 4.§ 1.1 14.€ 11.€ 12._l 3.1
PHC Proba_b_ll_lt) 72¢ 48.1 2.7 1.2 18.1 18.€ 7.7 34
Siderophile Possibility 503¢ 59.t 5.5 2.3 14.4 7.C 8.¢ 24
\derop Probability 46 541 42 54 147 93 71 52
Chalcophile Possibi_li_t) 519 55.¢ 5.5 1.4 16.4 7.€ 10.¢ 2.2
PCMC Proba_b_ll_lt) 74¢ 43.€ 3.€ 3.€ 12.¢ 25.F 7.1 3.8
Siderophile POSS|b|_I|_t) 492¢ 57.¢ 6.1 2 15.2 5.8 11.1 1.¢
Probability 761 52.¢ 3.€ 5.7 10.€ 7.2 14.1 5.8
. Possibility 302¢ 52.7 2.¢ 1.2 15.2 14.c 10.1 3.€
PEMC Chalcophile 5\ - ility 324 492 06 02 12F  27¢ 6 3.8
Siderophile Possibility 482¢ 59.2 5.7 2 15.2 6.1 9.€ 21
Probability 36¢ 47.7 4.3 6.2 14.5 9.8 9.¢ 7.5
Chalcophile Possibi_li_t) 6322 55.¢ 4.? 2_ 11.c 11 13.2 2
PDBSCAN Proba_b_ll_lt) 38t 49.€ 3.7 0.7 17.1 14.5 8.1 6.2
Siderophile Possibility 467( 61.¢ 4.8 24 12.€ 6.1 9.€ 2.3
Probability 23€ 43.2 1.€ 8.¢ 9 16.2 12.2 8.8
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Figure 7. Maps of uni-element geochemical anomalies in thetudied areafor (A) chalcophile dementsand (B)
siderophile elements.

Table 3 shows that the composite geochemical
anomalies mostly happen in the terrace and alluvial
sediment unjtwhich could be attributed to (1) the
types of geochemical samples that are stream
sediment samples; and)(the fact that most of the
studed area is covered with this rock unit (Table
2). The smallest percentage overlap of the
composite geochemical anomalies with rock units
also belong to the sedimentary rock univhich
can be reasonably justified by (the unexpected
existence othe metal geochemical anomalies in
the sedimentary rock unit; and (2) tlaet that this
rock unit has théeast coveragm thestuded area
(Table 2). Therefore, Tables 2 and 3 should be
taken into consideration simultaneousiyorderto
identify  the  relationship  between the
mineralization area andbr the composite
geochemical anomaliesdthat ofthe rock units in
the studed area. If the area or percentage of the
composite geochemical anomalies overlapp by the
rock units (tle data of Table 2) is dividddto the
area or the proportion of the coverage of the rock
units (the data of Table 3},can be concluded that
the chalcophile element anomalies are mostly
related to the metamorphic rocks followed by the
acidicigneousrocks in thestuded area. However,

the siderophile element anomalies are mostly
related to the alkalinggneousrocks followed by
the metamorphic rocksThe relation between the
composite geochemical anomalieand the
intermediatagneousrocksis in the nek rank for
comparison

In order to choose the best clustering algorithms,
three methods are used in thiork. The first
methodis based orthe number othe mines and
mineralizd areasthat is locatedin the composite
geochemical anomaliesbtained by thelifferent
clustering algorithms. For this purpose, it is
assumed that each index showrFigure2 has an
area of at least 2 K The results of the
compliance ofFigure 2 with Figures5 and 6 are
shown in Table 4. The anomaligsthe chalcophile
and sierophile elements obtained by the
PDBSCAN and PHCapproaches respectively,
cover most of the indes Most remarkable is the
fact that all the mies are placed in th@robable
anomaly obtained by the PHC and PCMC
approaches. The results of Table 4 alsoasthat
the differences among the clustering algorithms
usedare not significantandon averagemore than
65% of the indces are placed in theomposite
geochemical anomalies

Table 4.Number of the mines and mineralized areasplaced in the statisticalpopulations obtained by four
clustering algorithms.

Element Clustering algorithm Population
Background Possibility anomaly Probability anomaly

PHC 44 84 11
. PCMC 43 8t 11
Chalcophile PEMC 71 65 3
PDBSCAN 47 88 4
PHC 52 83 4
. . PCMC 51 78 1C
Siderophile PEMC 5c 76 )
PDBSCAN 64 73 2

The second method for selecting the best
clustering algorithms is theercentage overlapf
the alteration map with the statistical population
maps shown irFigures5 and 6.A hydrothermal
alteration map,which is related to the metal
mineralization areas, has been providedrigure
8. The Spectral Angle Mapper (SAM) method has
been used to produce this map.the alteration
mapping of thestuded area, sericite mineral
represents sericitic alteration, kaolinitenda
montmorilonite minerals represent argillic
alteration, chlorite and epidote minerals represent
propylitic alteration, quartz mineral represents
silicification, alunite and jarosite minerals
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represent alunatic alteratioand finally, hematite
and godtite minerals represent iron oxide
alteration. The iron oxide alteration map has been
preparedfrom the Landsat images of tlsuded
areag while the other alteration maps usackthe
Aster images. After the preliminary correctioas,
simple false coloramposite (i.e. RGB) is used for
initial processing. The imagesbtained are
processed with the help of the digital spectral
library of the mineralsréfer toClark et al, 1993
[59])) and the SAM methoddr more detad, refer

to Kruseet al, 1993 [6Q]). Finally, Hydrothermal
alteration mapis obtained by integration of the
above-mentionedalteration mapsThis map has
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also been overlapped with the mines and
mineralizd areas map Higure 2) in order to
evaluatets validity (Figure8). As shown inFigure

8, 76 (or 57%) of the 134 mines and mineralized
areas are located in the hydrothermal alterations.
This implies that hydrothermal alteration map has
anacceptable validity.

Table 5 represents the percentage overlap of the
alteration map Kigure 8) with the maps obtained
from the results of the clustering algorithms
(Figures5 and 6). The results of this table are
obtained by the image analysis method. The results
show that more than 60% of the alteration areas
exist in the areas of the composite geocheimica
anomalies. Although there is no significant
difference among the clustering algorithms, the
PDBSCAN and PHC approaches show a better
performance for the chalcophile and siderophile
elements, respectively. The highest percentage

Journal of Mining & EnvironmenVal. 11, No. 4, 22C

overlap of the probable amaly with the alteration
map is given by the PHC and PCMC approaches
for the chalcophile and siderophile elements,
respectively. The conformity of these results with
the anomaly areas (Table 3) best justifies this.

The third method of choosing the beststering
algorithm is based on the values of the validity
indices. These values are listed separately in Table
6 for the four clustering algorithms for the
chalcophile and siderophile elements. The results
obtainedshow that allthe four approaches have
high validites Moreover, the results show that
PDBSCAN hasa higher validity for clustering the
chalcophile elements, while PHC hashigher
validity for the siderophile elements (the highest
values for the MHI and RSI indices and the lowest
value for theDBI index) followed by the PCMC
and PEMC approaches for the chalcophile and
siderophile elements, respectively.

Figure 8. Hydrothermal alteration map with the mines and mineralizd areas in thestudied area. Legend for
mines and mineralized areas are t same as irfFigure 2.

Table 5.0verlapping percentage of the alteration areas with the statistical populations.

Element  Clustering algorithm Population

949 Background Possibility anomaly Probability anomaly

PHC 39.1 56.2 4.€

. PCMC 39.¢ 56.2 3.¢

Chalcophile PEMC 50.7 472 2.C

PDBSCAN 38.2 59.t 2.2

PHC 35.€ 60.€ 3.

. . PCMC 37.€ B55.k 6.¢

Siderophile PEMC 45, 51.1 3.4

PDBSCAN 47.¢ 49.¢ 2.2
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Table 6.Values of the cluster validationindicesfor the chalcophile and siderophile elements.

Element  Clustering algorithm

Relative criteria
MHI DBI RSI

PHC 0.0680 6.7798 0.5620

Chalcophile PCMC 0.0810 5.6629 0.5807
PEMC 0.0740 6.5370 0.5732

PDBSCAN 0.1050 3.8233 0.7222

PHC 0.2770 3.0834 0.7802

Siderophile PCMC 0.2450 4.5653 0.6510
PEMC 0.2760 3.4016 0.6866

PDBSCAN 0.2520 2.8878 0.6618

7. Conclusions

On the regionalscale, sing the composite
geochemical anomalies for theeconnaissance
exploration phaseis superior tousing the uni
element geochemical anomaliescause they are
able torepregnt the multielement mineralization
areas simultaneouslyn order b determine these

anomalies, special statistical methods should be

usedthatare capable of determining the threshold
of several elements simultaneoudiie dustering
methods are the mbimportant statistical tools in
this regard. The probabilistic clustering methods
are grouped asthe modetbased clustering
techniquesThese methods are superior to the-non
probabilistic clustering methods due to the use of
better measureshigh applickility when some
variables are not measuréglck oftrappingin local
optimg and ultimately the production ofoetter
results in the clustering of the dataset.

The four probabilistic clustering approaches
namely the PHC, PCMC, PEM@nd PDBSCAN
algorithms, and the 4138&tream sediment
geochemical sampléakenfrom an area 015,000
Km? show thatas awhole thepossibleanomalies
havea potentialareaof 5000 Knt for multi-metal
mineralization in thestuded area while the
potentiality areais 500 Knt for the probable

anomalies. Although it seems that the shapes and
areas of the obtained geochemical anomalies are

slightly different, their exterstand locations are
almost the same. This shows the validitytloé
probabilistic clustering approachies determinng

the composite geochemical anomalies. The most

important results can be listed as follow:

1

Thebiggest andmallest areas of the anomalies
are obtained bthe PHC and PEMC algorithms,
respectivelyThe algorithms have brought about
these points, hich meas the agglomeratin of

the PHC algorithm and optinadon of the
parameters of each cluster in each step of the
PEMC algorithm.

The chalcophile element anomalies are mostly
widespread in the metamorphismidic
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intermediate rock units of thetudied area.
However, the siderophile element anomalies are
more abundant in the alkalimeetamorphism
intermediate rock units.

3. The obtained geochemical anomalies could
cover about 6% of the mineralizd ares and
almost all of the miesof thestudiedarea. 8me
algorithms such as PHC and PDBSCAN with
larger anomaly areas havea superior
performance in this respect.

4. The alteration map of thstudiedarea shows
almost 606 conformitywith the anomal maps.
As mentioned earlier, the PDBSCAN and PHC
algorithms hag a better performance for the
chalcophile and siderophile  elements,
respectively.

5. Thevalidationindicesof the clustering methods
also indicate more than 7% validity for the
separation of the statistical populations or the
anomalies. Moreover, the appahes with
bigger anomalies (i.e. the PHC and PDBSCAN
algorithms) have higher validity irgks

As a final result of thisvork, it can be stated that
the probabilistic clustering methodan be used as
direct methods for identifyinghe mineralization
ares, especially in the regionalscale of
geochemical exploration.
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