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Abstract: In this study, a hybrid approach is established for clustering the most favorable regions in association
with magnetite-apatite mineralization at the Esfordi district in the central Iran. An optimum number of clusters is
derived from a data-driven methodology through a concentration-area (C-A) fractal model of a synthesized geospatial
data set. According to the metallogenic characteristics of the sought deposits, nine evidential layers deriving from
geological, geochemical, geophysical, and remote sensing data were extracted. Prediction-area curve (P-A) was used
as a data-driven method to determine the weight and importance of those evidences; then an index overlay method
integrated them into a single propsectivity map. The number of clusters significantly affects the mineral potential
modeling results in clustering algorithms. To determine an optimum number of clusters, the C-A fractal curve of the
overlaid map indicated the correct population within this district, and then used as the optimal number to run the
unsupervised clustering algorithms. Assuming five clusters, three clustering algorithms, including K-means, fuzzy
C-means, and self-organizing map (SOM), were used to identify and localize iron-bearing favourable areas. The
K-means algorithm had the highest accuracy in identifying those potential areas, by which 8% of the whole area could
predict 65% of known deposits in the main favorable region.
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INTRODUCTION

Prospecting for deep and hidden mineral deposits is still one of the most important and somewhat
challenging issues in the exploration and evaluation of mineral resources. The exploration of these deposits
always faces many challenges, when geospatial data set (i.e. geological, geochemical, and geophysical
indicators) have sophisticated exploratory signitures and even discordance with each other. Considering
that, new methods and techniques are needed to map, interpret and integrate diverse geological information
in order to increase the success rate and reduce the cost of mineral exploration [1,2].

The purpose of mineral potential map “MPM” is to quantitatively determine the probability of mineral
deposits in a given area to facilitate mineral exploration [3]. In other words, mineral potential mapping
is pursued with the aim of modelling and prioritizing promising ore-bearing areas for further exploration
of undiscovered mineral reserves [4]. To achieve this goal, one of the important steps is to access high-
quality and multidisciplinary geospatial data sets, in which a powerful signature of the mineral target is
sought [5]. According to the type of the target mineralization, various exploration criteria are considered,
including geological, remote sensing, geochemical and geophysical evidence. Therefore, if the evidential
layers extracted from the exploratory criteria are properly quantified, the mineral potential map would
provide reliable favourable zones [6].

Over the past decade, machine learning methods, which have been implemented to solve classification
and pattern recognition problems, have been emerged as promising tools for mineral potential modeling.
In recent years, clustering algorithms, which are a prominent class of unsupervised machine learning
techniques, have gained attention in mineral potential mapping [7-9]. One of the major advantages of these
algorithms is the ability of finding natural and hidden patterns in data to classify them without using labeled
training data and to use all the training data without the requisition of validation [10].

In this research, clustering methods such as K-means, fuzzy C-means and self-organizing map (SOM)
have been utilized to map the mineral potential at the Esfordi district in the Bafq, central of Iran. The
most important step on every clustering algorithm is accurate determination of the number of clusters. The
number of clusters has also a significant impact on the final mineral potential model. A data-driven multi-
class index overlay method has been used to determine the optimal number of clusters.

MATERIAL AND METHODS

Based on previous geological studies and the conceptual model of deposits related to Kairona type
iron, nine evidence layers, which include phyllic, iron oxide and gossan alterations, host rock, lineaments,
airborne magnetic and concentration of three geochemical elements (iron oxide, titanium oxide and
vanadium), have been extracted from the geospatial data set and used as the most appropriate evidence
layers. In this research, knowledge and data-driven MPM methods have been applied in two consecutive
phases as a hybrid approach for modeling iron-bearing potential in the Esfordi area.

In the first phase, a combination of fractal-based concentration-area (C-A) [11] and prediction-area (P-
A) [12] curves was established to estimate the weight of each evidence layer. Data-driven multi-class index
overlay [13] was used to integrate these weighted layers. The different populations of the generated mineral
potential map have been separated through the C-A fractal technique. The number of populations obtained
corresponds to the number of clusters feeded in the second phase. In this phase, K-means, fuzzy C-means
and SOM clustering algorithms have been implemented for mineral potential modeling.

Finally, the success-rate curve [ 14] has been used to evaluate and to compare the overall performance of
synthesized models obtained from clustering and index overlay algorithms.

FINDINGS AND ARGUMENTS

Based on the results of the first phase of the study, the optimal number of clusters was set to five and
clustering algorithms were implemented to map all evidence layers into five clusters. In order to depict
the performance of each cluster in terms of iron deposits identification, the prediction rates and occupied
areas of all clusters were calculated. The normalized density was calculated by dividing the value of the
ore prediction rate by the included area, and then, by taking its logarithm, the weight of each cluster was
calculated. In the following, the most suitable cluster in each algorithm is determined based on the weight
obtained for each cluster.
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The K-means algorithm has performed better than other algorithms due to the high weight of cluster
number 5. The fifth cluster of this algorithm has high compatibility with geological units of granite, dolomite,
and rhyolite (generally with volcano-sedimentary units, and volcanic and intrusive masses) as areas prone to
mineralization. These geological units are one of the important indicators of iron mineralization in Esfordi
area.

The success rate curve is used to depict the general performance of clustering and index overlay models
and their quantitative comparison (Figure 1). By considering the location of the known active mines,
this curve shows how successful the mineral potential map has been in prioritizing promising areas. The
obtained value of the area under the success rate curve of the data-driven multi-class index overlay model,
with the value of 0.88, is higher than the clustering algorithms, which shows the superiority of this method
over them. This value equals 0.85, 0.80, and 0.82 for 3 K-means, fuzzy C-Means, and SOM algorithms,
respectively. Although this shows the overall superiority of data-driven methods in well-explored areas
[13,15], a comparison of the initial part of the success rate curves shows that the unsupervised K-means
algorithm has been able to identify more reserves with a smaller area compared to the index overlay method.
The K-means algorithm (cluster 5) and the index overlay method have identified 65% and 56% of known
Iron and phosphate reserves by 8% of the area, respectively (Figure 1). The mineral potential map extracted
from the K-means algorithm is shown in binary form in Figure 2, whose class two corresponds to cluster 5
of this algorithm.

CONCLUSIONS

In this research, a combination of data-driven index overlay and clustering algorithms was used as a
hybrid method for modeling the mineral potential map of iron deposits at the Esfordi district. A quantitative
comparison using the success rate curve shows the overall superiority of the index overlay method, but the
prone areas obtained from the K-means clustering algorithm (cluster 5) have more spatial correlation with
iron mineralization, which indicates the superiority of the method compared to other conventional methods.
Most occupied areas by cluster 5 of the K-means algorithm are located in the areas where lineaments
intersect with iron mineralization host rock and high lineament density. Therefore, it is possible to determine
the optimal number of clusters for the implementation of unsupervised clustering algorithms by classifying
and identifying the populations of the generated maps.
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Figure 2. Iron potential map based on the proposed hybrid method

REFERENCES

(1]

(2]

Xiong, Y., Zuo, R., and Carranza, E. J. M. (2018). “Mapping mineral prospectivity through big data analytics and a deep
learning algorithm”. Ore Geology Reviews, 102: 811-817.

Cheng, Q. (2012). “Singularity theory and methods for mapping geochemical anomalies caused by buried sources and for
predicting undiscovered mineral deposits in covered areas”. Journal of Geochemical Exploration, 122: 55-70.

Li, T., Zuo, R., Xiong, Y., and Peng, Y. (2021). “Random-Drop Data Augmentation of Deep Convolutional Neural Network

for Mineral Prospectivity Mapping”. Natural Resources Research, 30(1): 27-38.

Sun, T., Li, H., Wu, K., Chen, F., Zhu, Z., and Hu, Z. (2020). “Data-driven predictive modelling of mineral prospectivity
using machine learning and deep learning methods: A case study from Southern Jiangxi Province, China”. Minerals,
10(2): 102.

Abedi, M., Norouzi, G. H., and Torabi, S. A. (2013). “Clustering of mineral prospectivity area as an unsupervised
classification approach to explore copper deposit”. Arabian Journal of Geosciences, 6(10): 3601-3613.

Rezapour, M. J., Abedi, M., Bahroudi, A., and Rahimi, H. (2020). “A clustering approach for mineral potential mapping:
A deposit—scale porphyry copper exploration targeting”. Geopersia, 10(1): 149-163.

Ghezelbash, R., Maghsoudi, A., Shamekhi, M., Pradhan, B., and Daviran, M. (2022). “Genetic algorithm to optimize the
SVM and K-means algorithms for mapping of mineral prospectivity”. Neural Computing and Applications, 35: 719-733.

Bigdeli, A., Maghsoudi, A., and Ghezelbash, R. (2022). “Application of self-organizing map (SOM) and K-means
clustering algorithms for portraying geochemical anomaly patterns in Moalleman district, NE Iran”. Journal of
Geochemical Exploration, 233: 106923.

Rahimi, H., Abeedi, M., Yousefi, M., Bahroudi, A., and Elyasi, G. (2021). “Supervised mineral exploration targeting and
the challenges with the selection of deposit and non-deposit sites thereof”. Applied Geochemistry, 128: 104940.



Clustering of Areas Prone to Iron Mineralization ...

[10] Cohn, R., and Holm, E. (2021). “Unsupervised machine learning via transfer learning and k-means clustering to classify
materials image data”. Integrating Materials and Manufacturing Innovation, 10(2): 231-244.

[11] Cheng, Q., Agterberg, F. P., and Ballantyne, S. B. (1994) “The separation of geochemical anomalies from background by
fractal methods”. Journal of Geochemical Exploration, 51(2): 109-130.

[12] Yousefi, M., and Carranza, E. J. M. (2015). “Prediction--area (P-A) plot and C-A fractal analysis to classify and evaluate
evidential maps for mineral prospectivity modeling”. Computers & Geosciences, 79: 69-81.

[13] Yousefi, M., and Carranza, E. J. M. (2016). “Data-driven index overlay and Boolean logic mineral prospectivity modeling
in greenfields exploration”. Natural Resources Research, 25(1): 3-18.

[14] Agterberg, F. P., and Bonham-Carter, G. F. (2005). “Measuring the performance of mineral-potential maps”. Natural
Resources Research, 14(1): 1-17.

[15] Yousefi, M., and Nykénen, V. (2016). “Data-driven logistic-based weighting of geochemical and geological evidence
layers in mineral prospectivity mapping”. Journal of Geochemical Exploration, 164: 94-106.



\-Y7 P 5f O)LQ.MJ sM 0)5\) c\f’\’ JLM: “S;JM (:'LLA GMJJ.;.Q,O 4.1.)*“.;

esources

Pas\
N2

IMAM KHOMEINI ngineering
INTERNATIONAL UNIVERSITY
UGV dmio N8+ Ol d o lod (pidss 093 S0 Bl gwigo 4 i
Vol. 8, No. 4, Winter 2023, pp. 6-26 Journal of Mineral Resources Engineering
(JMRE)

CN D ($99) §3 (Sbn (69 )98l 00900 O (1] 5L i lei (Guudligs
Lo 0010 g (puild céla

T (2058 T gle wine S5 15 a0 e BT dblllas apns

Olrs el olKsls (yane g 0uSiiils (18 G aSiasls ) pwlis )15 -)
QIJQ.‘S ‘Ql).gj oKl (e (wdige IRASREY ssg_é Olf Seesls ‘)Liol;_wl -y
35,0L5 g ,0lh  Saio ol8uils (S0 5dgs) 5 Sl (e (gadigee 0aSils ([ 2STy -Y

PRAVIRVIC Y FRATRY VRS FOETPN

oS>

K3

a3 (699l Vi) eeeee Ay 03900 50 CailT-CatiSo (HAL wauno (> 195 Galiss (glyr G pd 95Ky S B9S2l 50
9 Sl ool Cawd 4y (C-A) cebuno — o JUS 18 Joo g 920 0018 gy Ky oS 4y Lradigs diungy Sluass 45 Cawl ounls 48,5 415
stlannigl pmilivdino) S yILLS Jolis 45 ol 4y A caslliao 330 00900 55 Bukb b (Sifallio slo FHg & 4297 b ¢ygliie
59) 54 Ol 43 (P-A) Camluvo — sy sy (ko -iloukds el 5 gl ptas] (Lo (5Lbools A gasmo 5 sl (w93 5 (S b5
a5 15w coud Hlogyig AY A plesl cus relh Sligaed SOST .Cawl 0ol oolaiwl Y 1 Coodl 9 439 ot Gl H950 0010
Tetmo 39i i (6l 0,18 oo Jumiliy (5iludoe dams w2 e (BB 50U babes slusi (guuaiiss lapiy 5951 50 .ol ol
S 951 5152 (6ly T 51 Aolsl 43 g (Ll caolbuno —sladiio JUS 18 Juo oS 43 i sl gi o ls s (Lo S’ Slues badbgs
de-means ol a5 guduadias v 5ofl dw (dligs diagy Sluni lgie ay) dligs gy (B8 b .ol ol oolisiuw] &y gy (gasudiies
A oy 0 el ol 48,5 15 @ Bus oAl isuasel gble oLl gy ol (SOM) odibojlw 095 4lds g c-means g3l
4 ! Ails axfllae 8 yg0 00guze 1Oyl ot ALl WS lwbid 4o Iy B33L ( yidion k-means s 5ol ol 52 aoy 5o
ol 00,5 Ll 1y Goxo golus ;70 Sgus edguxe Coluw oo A bouds (B o Jowiliy (495 45 (590

Gols wlls

w90 S Ly A (G g il T- iR B (guvddgS (g0 ygiml

Alio ol 4y sbcew!

D99y 2 (S0 (69 )90l 0dguzo 5O o2l S8 dxwe (2lgi Guwalios” A FY 0 (soexl wp (smle v o oSy 15 e B
A=YF o oF olads i 0,9 dme qulie qwige 4,85 Lo 0313 9 (IS CdLa ) (s yud

DOI: 10.30479/JMRE.2023.18010.1612

@ ©O) O s © ez~ Email: maysamabedi@ut.ac.ir &L Sls sdge 5 J st au\;.‘w;*
(o))sz,,.n.é f»Lal ‘511.6-” O oKl )...:L;
1E+ T Obio) € 0 jlod oiid 0598 1



P Bl guigo & 5

Sl 190 B (Sle arine 575 3 13 e s BT lfliae v

wals sloa¥ ST nlply wedoe 485 a5 )0 S5des)
GilwsoS (fowy 4 SlasST sl lxe 5l eals 2l 5l
Gblie oaas Wl wads adgy Sare Jeilly aldl (gl
[Alsg axnlgs slazel B Soxe wgllas

WA as lp e Glagts, e aes g0 o
Olgi oo a5 Col 0ol 00ls dmwgi ¢ dlpiinn Jowe Jedly
SN pmd g yeme 0dld (jgmme Ll alws aw |, Loyl
[AAE] o5 qoniis

e pBd sl ol Con jgmecals sla by, o
Lls, sbml sl " ciseel LU (lgie 4 sad anslis
5 @lordsy (eobiine; P sl Shy b alad
(Slbre 1,95 SG elal 098 o0 03liiul (S 523955
Y o Coeal GilesS 5 0j9 e sln il ool )
And G o ol slba¥ Colys 10 g 95h oo oolaiul vall
Ghlie it 5 ighie pliol axly e ety
S)ge 0d9aze ;5 1) Sl 5y90 B3 g5 b Lad e ogllas
Loes «y9oe ools slajsg, LAY -] wims oo jlis addllas
Sl g il o g8 BB slaws aS" aijlo 0 5157 bl jo
o by, onl abex 5 YN ol oasy GBlassT o5 @
ras sbasis NNV Soiod oS, 4 lgee
oy Jlop sl VPN Salas slagye Vo)
2y pl  VA-Y -] oolas JSi 5 [YVaY -]

aS Col ol 0,5 oyl ] gt e a5 g ASS
Slrools degazma (5,55 @ yod jemeools slo Jow ags
s o3l sla by lare 4 ganale slaph 5l )
S Sl B A ln 9509, So o)l (e
@ (pals slaY) son vz sl Shy o] 0 &5 cul
slaghsy oo 55 1] Wsd o (G131 s ags- soluss
5Oy dy Ol ey (gaiadig> (sl o3l ¢ ae ools
UT J.;Yo )l &5§" loads solazul R JM.JL) 6)L.MJJA
slass cpens LA oo oas 0l Sles asis o 4>gs BB
w85 3 pip g0 adlle puiz o badss mo
Iryavl el

(e Jdly il Joe Jol sloog 5 5l o S
(olwlis, 5 ol das wlal 0 aS cal e yuils glo g,
alex 5 a5 [V]ogs oo Lasin sals 4Y o coeal ol

doddo —)

IS oo Gl 5 Gaoe Sune 2B 220
il 5 SIS 5 Bles 555 e 5 o et
L oolyer ojlgan pld cpl GlassT el gose il
DMkl 4 glyiee o Cwl gyag; SlghE slagile
Jeds a4 Gl 2B L ke s ouliline
S danie wlidie) slaanld 5l (A6 ez Lyl
5 (Sl ol Jolo (o855 9 (aloondss) lacadlyy
Pl dde 4 a8) JSlassT glaosls s L (@8l il
3,5 0,Lal (sl 0als Sloul (6,10 paiged DM g sidisy
oy Slp gz LSS 5 oy, (S e &
GRIFL Gl oelitiome; ggiie Sl plol 5 s
S3n gime SLEST slaane ialS 5 Coddse olies
b oS @z slr b siledas [YAT el 5L
ebilir Sl g JolS5 L ol jon 42335 slaans
b o 5,Ss, ol ol atils oy LB slacs iy
as g Sg>ge slaools plésl anl g gy Gypo a4 Lol
lasdlae [¥] sms oo sl |, MPM) Sans Jomily aiis
L Lawgs 0> cnl o 4, 15 4 slacdla, 3 al>
el oo ol [ ¥]
Jlio (o8 (s sgitns Jomilly 25 43 51 haa
SBLEST Joged 52 e dllaie S )3 (Sare p153 3925
ity 55l Jie K0 &jle 4 0] ol Saxe olse
Groudeal @bl o Coglgl g pew i Boe b Sose
Lolul 59 oo plol outs (aaS Sowe b3 GlassT gl
aS Sl Lol 20U G ol a3 SLassT g5le Jow
b (39,9 lopie) (oulidine slo Sy 5l lacgane
Ot S (oo b e S0 50 (Game plES 3e2y Jliol 4
gols glaaidiag - Vil guuls al> e 90 Jolt w153
osie Joe sl Ll sloasyT b olab mser Sl oS
wald gladlds (23039 5 5lwaz LSy —Vastus LS
@bly &5 (b ol gl (22b) slapm ;s8I 5l eslanal L
4 bows gl L8] wal asls 1) Shals g3y ass
Slrools dcgorme dy (g yiwd pie oS 5l SO (Ban oyl
ol (multidisciplinary) glas, e g ceas L S
L Oyg0 Sdre Bad I saiad,ad Sl dagl o as
SLasST sl Loe cdon 5l g4 @ az g5 b IY] diten
9 @loon95s 598 5| homins ((ouilidiine; dlox 5l (i

1E+F Oliwn) € 0 lod il 0598



S Bl guigo 4yl

99 3 (S0 (5394wl 03900 33 (BT (S1HA” Ak (195 (SNdligS

Lyl ol (0o, 20 5 FO e 5 o5 onkes Yoo o 5l i
26 polie i isy) 5w 23S (2] 23 edle
LYF] o5 0929 4ol ol 45 il gl 5 550 (REE) S
L UgnlS oo Jlocasl] ool ST 51 o ylasy ol Lusls
SR ER 85 05 el (g LT e S
igh oo Jold 1) (el n=93)) 9729 9 932 Slos v |
@ ole oo bylsls ol shasle 13 ol 4l ol jo
i3t 4l [Y0] 8,5 ool & liz 5 (69,50l (lgaione
Sl wieS it oy -t sl b sl
O ,9) plasS (ol sla o L a5 ol (Lo )5 - oilS
L¥e] el ooy sgame (5L ,0) plob ety - 33L

Sre 4l Sl el aST p5 ik sl 4
Bs lS" e 43 ooy 501 sl LudlS” oS gl S35 3L
L plen @ plgi e oz o 5l aS WS 0 uled 4 )
Sl S slgle 5o Slaassl s Siw 5 @358 loosys
a2 5 (ol orndS) (iS5 porlS s sois 0928
S Olye 4 St 3929 Sy 9 (IS (22 55k
Lrvls s o lal el Jglae ol o 5 opal Lol

Sl by ¢ 383L Gans axbcusb ol oS pls-d
peilogalin o) GrelS (gipmym Glaaasl oS
S w izmen 5 olo,S SYLew boads lu )50 5 00l
4 3le) Comlog, U s, e oS5 L Sleass]
S5 8r8 5 OlesS —eilS adsl (n S SLS sleSLe
WKgd oo axlil ails sl flae 4 oS (aais ol
LAYl 6o oo Sbjes

odgaze ;o ghials a5 aws o lid Bl aldlae
5 O sl S d9i Jlis 4 b plojes 33L Sase
ol 009y it 0l ST lacKin olys8 5 Hlo b
- ool oS slaarig by 5 e Soop bls) vyl
ST glackin b cwbl 5l b slockan 5 cusl]
@l 45w ge i (n ) el @ Glate Sl
LAXY] wlosls &, loyen cnlel cpyolS peasleSo

a9y «SulSle o Sl goyshul ViV e e o5
Orp s Sl ool g3l Ay 9 65 Ol
S dlE s eedsy oogame cpl o a5 slaaslg
Ol o b Sl sladet 5 655155 slaSimanls
olie bolyen cn ) G palS= @VL (2 sl Sligs e
P Slgay 695 » Glawal g0 4 Stwanls oS

1E0F Olino) € 0 lowd il 09

Sigeen NP Gy Blaie slagty, & olyiss o]
e slang, o [YE-YE] 656 glae [YVYYY] asls
SIS slasy, (S sk a5 o lal [YY] gunas, 5
W T Sygo oS lazs] Sldllae oS blis o e
ERVPUTSIPITCII 3 RURNEESVIN | 9V RCH RN
Ol 3 &8 W jome ools 5 il slagts 5l oS
ws)S Ll 0 plejes Djge @ 950y, 90 ol
[/\]aw@
lr &S Getle 550k oy, wldS ans Jsb ;o
4 Sl 03ld dnwgs oSl (ansiis g gonail Jlewe J>
e Joily ilodoe sl SloasS Jlgaal Il (lsie
Gab> slapi o8l 3l ol jo wlead yalls
09 edle (6550l LSSl az y S SG a5
g g (Sne Jodly LB 4y p0 s o)l
a5 cnl odes lacuse 5l [¥AY] wlaxs 5 )13
loosls 53 pley 5 smeels slaTll (23l Ll & olsise
ozl lrosls 5l oslarwl ygas gl ganaiws sl
Sisel seosls ples 62T 4 g 0ad (IS ez
o) Lol (i Ll (sl Wmosls 5l cadu (6 IS5 4 5ls oo
Iryl s s
k-means asle sonaliss slo s, 5l (e opl 4o
a4y slp SOM) suilejlusgs aiis 4 c-means ;L
Goysil ViV asi o el Some Jewsly asss
S5l deddigr aige dlaw e gl el oals ool
oald oy, U SaS w Cewl 0uls oolaiwl jeme ool g,
Loaelol )5 5 aed 5lo0y5s ool (GuandlS slaasY ¢ 9o
Sloas slesl (Index overlay) asls Sligen SoSG
oles 428 (C-A) corls - luiie JUS 3 imie S &
2 aS Cwl oad glull i slasd 5 gunawdS
A3 ades angy sl (lpie 4 egh o al> e
sl Jow o Sloe L5 aslas gl ol jo canl ol a8 3
soliiul (Success-rate) Cubdge &5 loges ;| ol Cawd

el 00

6998wl 00guxn ol oy -

YL ke 9 S5 sla)lils (lpe (L 2558 axb
Oyl sleysls wile Lgpls oo csll-opl oS

Slop3 L legame) (69)98ml 9 Sl (lgiue cygalaran



P Bl guigo & 5

Sl 190 B (Sle arine 575 3 13 e s BT lfliae v

(($xe

Sl 50 1Al b e S Jolds a5l 4,Y 4 plas
5 ol ST o al ST loandigh yaze ¥ Cdale
4.;.9‘4)*0 Voo 9O e Voo (SL“S“" o}‘..\.l‘ L: o] (p.n)ua
polie [F2] OV Jge,8) St ol G5l oolizal b g
o oals Jast [+ 1] o3l G a4 g ampen a4 2,0 SSe
(s ol (g3lw e 3l o osls (g3le dxyee .ol
wlide slo el | 36 slalas o 5l 6 x5l sl
St gl VAL 058 o (3LasST laosls acgamma ;o
:‘)3"'.:’&5" uu).u \ c\.]a;\) Ojgeo 4 03l oolaiul

Fs, = 1/(1 + e=56v7D) )
‘_j )o dS
BN IS TREVED 3%
Sl @L}' 6“‘}*")@, 18 gl
&S S o et 1) (29 B g9 9 eyl
i g (Es, ) ppeS b Gk eyl polie gl

max

s = 9.2/(Esmax — ESmin) M
i = (ESmax + ESmin) /2 ")

Bblne olulis ;o ouw,g0 sboosls 51 iagh ol )0

3 0plee uebline 5 (oulidine; glajlisle 5 LS
g owlbidime) ads JUS 50 Gl plBd CuaBge e
Sy90 dalol jo aS ol oad colatul Slendisdy slrosls

bbb ,S0LES —)-Y

Joe iz 5 [FAFA] L3 slecs| Slalllas ol

2 ool oad aslis p13 Sl gla Shy 5 ostde
S VYo a3l eolaiwl b g addllas 0,50 00guxe
S o Coeal § SIS pulidiinee) slaaxly (59,54l
ol as 515 Jbsl 090 el Shals e laasly )l
5 CarmsglS bealS 398 slaosy Cueal 4 axg b

aS Wlowds JSas JBgd g 1y y Ceemd 90 3l g )lo I3
(gl Gloo3las (Swdnle oogled Jolis () s
(Sl sla e (gouml slacdyr « 3L b Al slao;ldS
2 sl sl 0 905 6 p0) Brn) Grrelmin el 2
S JP) dihie )3 95290 (o5 SOy (SRS $9)
Ival cot as 3 )15 (ol 5 ookl Siw anle (ot
aS able (6950wl 00905 ;0 aS 20 o lis Slllae
Jrone L;)‘LwooLJ Jdo @ el YL (LS sloo gl IS
Gl (oo )T SVlew 5 (53585 (sloodgs el YL (s
Sle JB L YL chale b gilu S5 5 o)l (g
—opl ST Jlggae gile gl LF] el Ly
ol ot Boas b ol jo CIlE Some oole lgre 4 sl
oS 5l sl 5358 5 ey Sliai] oS b
SU Ol 4 CeitSe 352 @ e p1BS ol e ls
w20bly 5 0l mly (b polie 3l o ol Lol
L)‘J"‘ umT)Jbo L;A.«S‘;:Mé; o)Lw‘ wl.s] @1)&5
VYeiyeoooo wqum) Alds 9 ‘5:‘)4.:[5 e~ L)"’L”" 5

el oo ooly Hlas VS [0 (69 )50l

SSLass! oolooly L -

ol e oo solal ((SlasST sla,lse) dalss slaayy
(lortsy onlidiney oSl Jold a5 gy
oligpme Slalllas olol ool (slo ol 5 (Soiubsis
ORI ad e 13 (egarde Juo) (545 s 5 (L3
S sloosls acgee leo 5l [EYFVIN] Uy pls s
osliinl 3,50 dalts slaar¥ (n Fowlie Slye 4 g 2l 5l
RENTR SN
dST 3L ] S5 bl 5 il Jslase 052
olsie 4 B3l 5l (B a5 Ceol (5970 4 4 ol 2]
Slad- ol 153 wile) Wgd oo bl jo lawd 53
aS s oo L goge ool LEY-F] (GlwsS 5 0,50l
3o Olansd gl Jlegil plo Ylaisl (60 jg2ul 590 ddlais ;o
S 1y ol pd o8 st Gl S a4 Blate
oolo g0y dase laolas ) 5 o uusl 5l cplply closls
Joily loasss bzl 5 Gilodoe sy (Sone
Sy50 dilaie o .ol oal oolatul (ol ool Wy Sase
@ Olawd g ool are olas ) g byl slasy axllas

1E+F Oliwn) € 0 lod il 0598



(S0 @lo (wigo 4y 99 3 (S0 (5394wl 03900 33 (BT (S1HA” Ak (195 (SNdligS

IS'(:U'E w'zV‘E ﬂﬂ W\ZVE

I zagros [l vo N\ pe [ cMR 'g
B33 krsz Aborz [l ko [ Makran
ssz ol kiz [l Teva
cz [ Yazd [ Lut

Legend
Fe-Mn vol y dep
Fe volcano-sedimentary deposits
magmatic deposits

10CG & kiruna type deposits
skarn deposits
placer deposits

- o > B ¥ =

0 155 310
— km

LEGEND

psem

__ Shale, micaceons sandston Asndstone snd
Calcareous shale, limestone fossilifer, yellowish brows, with miser sandstone

.- massive to thick bedded, light grey (o white

:‘@-

s ”m-awnmm
T fine grained, thin

crushed
(5 mw.mwmmm

o

b i
5; o, 3 with typical sedimentary structures -
o conrse grained, ldm-m-‘-n

u—.uwvd_:u-—u‘:um“ 3 [ o - ox. I s

(&)

[FO] g0 yghum! 00900 I Jpomasy owbds(ymo§ ains (o d¥Y] oyl BT 153 &9 595 9 (Slodidbw (owolicdh o § A (A1) S

el 00l uSie )b e oads odld plaZl basly cpl 4 jlonl cp i (plBd

VE0 ¥ b 0 3keds i 093 \



P Bl guigo & 5

Sl 190 B (Sle arine 575 3 13 e s BT lfliae v

Syplgd s pubblise gboosls I imghy cpl o« ulal
ool 0als oolanl (SO 58655 sla el ags sl

Syl uebline o)l (il oo sl alyo oz
ainy mebliin ke 3,565 (1 ol 5 b Lo
a sl zals gLs Jlel (Y o5 gboesls 5| IGRF)
el a8 wile Bl ebliie g5, 3 RTP) bl (ad
2 Lot oud sanlice cpbliie slacs,buals 558 o
At Jlesl (T 25 )18 (pblioe ae slaains (59,
lpecdad 4 ls )5 5 4l 69) 2 (ke Ve 0) gl 3 el
(F b Y Wl 8 b pnblise sl lmal apnds
SS98 slaodsi andis sl llod JLSew add as
@ bl LS i coles o [EYEY] el (s
S s Sy aals aY oy

slolgnle gla ,Silas —F -1

@ gl e sbsdiin 3 bl o
S a8 bl 00,5 SaS e pole laass
ol Jously oS olols ) mhw o 1) Gos
Qb s Slo,lgale laosls 5l oolaiwl b us sl S
Ot jgmdow sk (silwlas a8 g zae Job coguse
33598 5l s o )5 (n ke 5l S o)l (K
asals 5l oolaiuwl b oyl oS Ol s anseidd o cwlids o
[08] el SWIR) 30,3 90l olisS zge sk
Sl bl plulis by o0 5l o
bl yo 5 wladly angs slos s job 4 a5 Jlo g 00
oodle ov] s )ls 1) s Sxe gloaiig )l S b
(sladlaie yoliae ;o Jloig,oe pB3d GlassT ol ooyl
Sl 6978 Sl ol laojlohas (s)lo pasds
bl ololids sl Gimgh cnl 5o coolal ol 5 [0A]
i prize 5 2l YL Jaily by oad ple S0
(NS oS5l adllas 550 dalaie o leo,lglas a4y
e 55 635 5 Lol (sloeilya 6T (sl Car
‘).» o)‘ybta ).M.u‘ ozt g AN cesod ¥ J.M_Mu 6“’)‘9“’[‘
slaail 51 SGLd gl 5o A s 6l el ouls ool
u.a.m.!l.‘a\d L}"‘"”""'5A wufjl.aa;)‘sw‘ o oolaul
30 0,8 ags ol oSt ol gble 4Y FY cuib
Oboss 9y @YY Jiw poad V) F ol conns sl el

tlosssi sl il —Y-Y

@bl )3 (lierds) SBLAST ppe 1 4 4295 L
Bgad AYY ayio0 mls 51 Giogh opl 50 (Gome plBd
ICP- g, abwg 4 a5 laalpl Slgaw, 5l oo cuils p
Lg‘)g ol 03] 4 \.\M.Sl g9 pais AR 6‘,3 9 MS
xj_‘v‘ 4.4‘4 Ls‘)" ol 0ol solaziwl @L..o....»ﬁ.‘)) 6[.@4)}[ 4...@3
4 yolic 1 ool slass Ygare ( glariigh) ools dacgome
bid yolie cnl Gl 5l g oo s pFosll Glojer &5
yolie BL cunl (Sew g oS colan |, Blacst ollee
aiil owlid ey glaolayg, o] B ple oS wSaie
Wiz Jolos 4525 gsiie slagtg, 5l ol aen 2 0]
0990 4O @L.ng) J@L& U")"W ‘S)LAJLAAJ lef o)...’...n
oo oolaruwl Lglbg_iu..i: Sl 00l oolawl asilae 3,90
8)ly e, 4 sladgs Judow [OYOV] (5,935 3 IUT ol
ool b polic (o (Siued dcule g [0FOY] (ward)
S & @l @ a2 b ol 50 el g by
4 bl g pulig oS ool oSl S polie 0ol
i SleMbl .8 )5 158 eolainl 5,50 vl slaay lgie
U‘?"SA ‘) 0 ral?u‘ dLQuu)lo)J 9 oals AL goxo U"‘ S)90 yO
b [Fa] s 5o
03ls dcgerme (g5, p odd pbml la bl n ey
@ &) 5l g sleesly Bis Lld cplerdss)
@ bosls gilwJley g (DORFEL) 8,50 (g, SWS
ol pll sl Cox-Box b9, 5 pi, ) cllas S
b S s g s sl G b p i
od g ololld 4 olaandsgss saosls oo
L000Y] S o S5 ol Lhals b s e yolie olas

(S5 855 5lo il ¥ -

Sl lere 4 olgi o |y omablive (5 lual sl oSl

Jleyiges slaSle,Ss 5 (5555 sble ool ol
solatul S JypuS 1) ohals b s, oo, oYW b
oeblie (2ls> n ook U g GloSs oS
olpls O8] 5 ls casbline o lual slagSl oK

1E+F Oliwn) € 0 lod il 0598



S Bl guigo 4yl

99 3 (S0 (5394wl 03900 33 (BT (S1HA” Ak (195 (SNdligS

bl Coluw doys plp o Sean] Gble ,0 99340
2oyl slp Base o cpl 5l 0gbcs ey GSooan]
o Lol g so oolanl & las cod sles Sy g,y 0 Slas
Glapn ol o Slos oS aslie 52U, sl Slalas

Ly val ol ons a8 8 5wy s ganaigs

Coluno — (Gt gy, (S0 —)-F

aaled @ oad ool plaisl slayyye MPM o o
S sl e bbbl eaisS uSxie il IS
o il slagle (nlply cdly Hl5 500 Jaxe p135
bl sl Glpee | oad aBlid Suxe slaatis
odiasylis aS) olad waled 4 oul cols plaisl slagyg
(ol axlllas 3,50 dibate o LLalS b o] las LU
oy 5 00t alis 5133 Slale b el ol 0,5 eolial
o g (3 Sl pdy Gl (Gase ity Jae
@ aals gbay g s gl P-A) colus - o i
a8 ol sl coles jo mizren el cal a8 5 IS
ol oolaiwl g ol 5l odel Caws 4 Jow 2 So s
Is-] el

90 wals 4Y S (P-A) colus - cm i Hloges jo
ot T e Lol Sl S AT 3l sgzy (o
aals Y (S jo awg 4 ouds bl Joxe slaslas
oINS 5o a4 0als bl 4l vy (oo e g
Solee oo 5SS 5o by, cnl jo Sl wald Y
P-A jloges jo .cenl sals Y G sla N SU5 )1 sl
Sogei b duslae jo I alai ST asin sals 4Y S
ez e 5 YL Jhae wall ey ple P-A
Sslize (s (VL (S €55 () w0 (LiS Jlaged
RreS) 310 15005 18 1 10 Cole o yo laie o XeS A4S
Oyt Y Cpl ot (o (oLl Canly Heme o 1) lade
Colos g (St 5 Egeme In) «Subls ales ) (5
abats bl pocal Voo bl (B ahass ol ouss Jleil
P 09 08 pS p 50 ol g (e £ )l0ged 90 (U
sloay 4 (o5 Glagjs arads Gly ebos e Y
IS e b ot Loy Sz Ll o wsal
@l osbse ooliiul slaay gunad; @l oad Jloy
o 5g0i gl el 5l ool b oas Jloy ISz e
abii o ool il 4ol 4 o Fp Cas P-A

1E0F Olino) € 0 lowd il 09

Voosleal 65y » v RS Jleel b ool Y
S ST L oS Y sl oals 05 ¥ s (6520
5 001 onST slaa¥ 5 sz 1l b Lo lgkas 0¥ (guil
sloadse BT 5 gl s S5 L (SLLS Slo S
Jolis a5 gloJsale ,Slis F legosme .l o0 algs Lol
595 co] 9] ol bl «SLd Sl ,Ss slaay
Mg g gl Glolgale polas jlicenl oo loha o (oS
o o LFAL )5 5 saea] Slalllas bl .ol o0
Iy S bl )l o in Slas §F opl slo,loale sla Silis

5,18 (60,98l 03g0mme 10 ya] sal aslis a3 L

G o9 —F

3 MPM jomacsls 5 (ils slahy, cgiy cnl 5o
Sildae sl Gt 9,805, o plsre 4y g 56 9o
ol 43,8 IS 4 (60,98l 0oguze yo ol Sase Jendlsy
]

Sl —jlhe JUS 3 (o055 Ghyy Sl gl B 0
e [F ] (P-A) colus - nin loges 5 [04] (C-A)
A dalol jo sl oad olaiwl wald 4Y 2 5s s
sy [ asle Slogeen jeme ools by, SaS
Clasal> ol jo aileads slésl oSG L ooad Llogysg
Joe S8 4y wouds ady Some Jewily adss Glisee
Blrdsol> slowy .l s (g 5lulas Coluw - lade LS L8
ooliiuwl 5590 pgo 5B 0 a5 Slaabes slows b sdsl Caws
Syl ciyllas 0,5 o )3

@b k-means ganadss slapt )Xl g 5B
SilwJae slp (SOM) ouilejlusgs aid 4 c-means
ol Glpy cwl eal giluwosly (Foxe Jewdils
il s 15 b 45) 2,5 o 5o s o pacl
ao,yd g ood Jldl Colus dwoye (asb bLs)l jo oyal
2 Oleyen ok a4 adsS pa aliwy 4 oud plulid B3
ot 009y 3l el b gslite (s Sl ead 4 5 LS
Jloy I avule glp jlade 90 ol Cad 3l il
asls pBd Slulls o aigs o bl (g5le ooS goads
awlie 5 U3yl Gl coles o el ouls solul ouls
Gaudlg> sop o3l jlodel cavs 4 Juu T IS o Slae
ouls ooldiwl Coddge —F 5 s il - i g
ond AFd 53 doys e b e onl [EY]

\Y



e @lo (ouigo 4 50

Sl 190 B (Sle arine 575 3 13 e s BT lfliae v

ls-] Sgd oo 48,5 |15 4y wald sy o Sl alugy
G NS foazme walls slaasy (Jow (pl mls bl
0D Lgd.uuw% Lngdw.j., 6‘)‘3 P-A )‘dyo.i wLQ) 9 W)
D950 At

Sgu> wald slaa¥ a5l o Regh Jsl 5B e
Corluns —laie JUS 5 Jow 5l oolatwl L 4, glastw]
ooy Al aliys g ol YV aalsl jo al esie
SLS B Jloses mlo elel »ocoles o wad Hleil>
Slogas 5l coads Sl Y Cuxlse g Coluwe —jlaae
o oolaiwl wald 4Y 2 55 e g b)) sl P-A
laae JLS 3 Gl e Ve UY oS o ol
0dls (gadadS sleasd ¢ P-A o lbged ol
5 ) (alrere) (omlitinme) sla SOLaS sae
R PRI RN I SORE PR

(&N

Fractal Analysis of Host Rock

-——
=

&

<

g

L ]
. l -
0.9 08 G 0. 0.2 0.1 0
Log value
Prediction-Area
100 $-200.00 re— ———
4 s 133
~. P
gw -
§ .
£ wig/ S
e / e S
4 \H\
: /
T, / ™~
£ 2 T —
H —
£
e _N\ .
/ 3
wl >
oo
o
Tran mved vah

Percentage of study area (%)

e e s Cales o (T adal) osd e aile (B
L5 ] 05 oo s O byl lusl

b
Ny =— )
da Oa

Wy = LnNg )

Laly, ol o aS

oad Jloy S8 i N

ot Jidl cobas 5 (gt £ S5 0: 0, 5 P,
20,5 oo glyiwl P-A Jloges jo (B akais | a5 ol

Sl g0 03l arass 4 o aaS ceul ol 59 W

@b Gly P-A loges puy 5l Gy Yoo
Joae G slaals glaay (gan WS 5 calize slaciaes

oolie g jludinis gl SaST pl 09l oo oolaiwl JUS )8

a0 oece e ™ ton
Host Rock N
B0 Eoss.oms b FeOscurmses A
02403 MM ose.1 A FOcurmences g w0
0,38 - 0,68 [ ]

(<)

9 JUS 5 415905 (wlul p c3gii 009 HiLES Al (0 e liune — yloiie ot I plos 1005 (Gl oyl o K (godsdiias diuii 1Y S

Cbuno — (S it 10903 (2

1E+F Oliwn) € 0 lod il 0598



S0 mlo (owNigo 4 gl 99 3 (S0 (5394wl 03900 33 (BT (S1HA” Ak (195 (SNdligS

(A

Fractal Analysis of Structures
0.2
e ).
- -
9
3 )
<
w
] 88
a7
86
BS5
0e as 07 as as 04 a3 a2 a1 0
Logvalue
Prediction-Area
100 830000
x \“‘x_‘_ B9
e pu
= e :
- st 3
/As 5
T > §
H / 5
- / £
£ / 0 & 1
. £ .~y /
e - sadnt ssaco stien
10 / * Lingament N
) . B c-oic [Mose.oss ¥ FeOccumences A
o5 6 a7 an . [0 0.16-0.99 [ 0091 A PDcumences s "
vy a—Predcineny —8— %0 K

(@) (&)

H10g0d (Z 9 JUS 8 jlogei wlw! poylahs Slis alds (@ ool — jlado oo ) olod 510 g0d (Al (bdo ylghas gudvaib alds Y JSCo

(A

Fractal Analysis of Gossan Zone

og Area
D
. D
o
&
-
o4
el
Ny » - - 2

18 16 14 1 08 0k 04 )2

g transform value

Prediction-Area

. -~ —»
g _arGia b

.
E o 3
3 ¥
¥ } H
3 ¢ ]
g / z

W A0 Gossan 4
¢ B 109 Fe-Occurrences
s a v o017 042.0.72 : a %
i WO 1118 = A Oce
ansformed val [ 017-042 M 07241 enees g S i
Km

@ (&)

H10g0d (Z g JUS ;8 10008 (wlwl p (ywed SGLIS Al (@ o buno— jladio coi ) plod Hloges (Al (ylugs guvaind aids :f JCi

1o Ol d 0 3lodd i 0593 1€



e Qe (guigo 4 5

G (98 B (Sle wiun (5 53 15 w0 e BT albfllae s

Log Area

(A

Fractal Analysis of Iron Oxide Zone

g aa

9 8 37 06 as oa 03 02 01 0

og transform value

Prediction-Area

Percentage of study area (%)

@

N
# Fo-Occurrences A
A P-Occurrences

(&)

(2 9 JUS 5 510905 olil 3 oy a1 ,S3LaS i (0 eerls — ylokin socia 51 plad 15905 (Al T duanST guinaial aldds b S5

o luo — (S iy 5l 905

(A

Fractal Analysis of Phillyc Alteration

96
S5 3 94
o 92
-
s 9
s
] 88
< 3
& 86
®
84
82
8
78
09 08 07 06 05 04 03 02 01 0
Log transfome value
Prediction-Area
10000 »

100.00

90.00

Percentage of Fe occurrences (%)

@

N
4 Fe-Occurrences A
B0 10601 L g
[ o.45-0.6 M 0.79-1 e & "'“m

(&)

oges bl 1 Sl Sl 155 S5l Al (0 e lano — ylatite ooy, plod HIog0d (] (Salid Sl j55 (soinainb adds F JSUs
ol — (St HI0g05 (g 9 JUS

1E+F Oliwn) € 0 lod (ildd 090



oo Qo (guiigo 4 5

99 3 (S0 (5394wl 03900 33 (BT (S1HA” Ak (195 (SNdligS

LogNo

10000 o

00

000

sa00

o

o

Percentage of Fe occurrences (%)

o

1000

(AN

Fractal Analysis of Fe203

—_

12 1 08
Logtransform value

Prediction-Area

04 05 13
Iransformed value

(@)

04

000
—e 1000

08

= Predctienrate

1

e

Percentage of study area (%)

3530000

Fe203

o006 [N 0.2-074
[ 0.06-0.11 [N 0.74 -1
[Jom-o02

4 Fe-Occurrences
A P-Occurrences

(<)

2R ST il (LS A (@ e bus — e godty ) plod 515905 (Gl ey T ST ot Luounibgh§ il gusyadins i 1Y JSUi
oo = s s, 315305 (2 9 JIS 9 logad !

(A

Fractal Analysis of TiO2

- a a
.
e
2
=
s
0.9 08 0.7 06 05 04
Log transform value
Prediction-Area
13 T
s
_®
g
gn
£
S
g
5
g G028
£
b}
0
000
0
0 o 0 03 04 05

Transformed value

@

07

08
~e—prodiction rate

01

000

o
A

Parcentage of study area (%)

asan000

MMo-o¢ [ Jos-09
[ 04-06 M 02-1

4 Fe-Occurrences
A P-Occurrences

(<)

390000 woma
K

0 5 10

"}

ST il LS Al (0 e bus — e sy 1K) plod H0g0d (Il cpmiliod s o3 boonidsl] Clild gudsdiinb 4l :A JSUb
Sl — (St 510905 (F 9 JUS 5 510905 (olwl 2 ilicd

1E0F Olino) € 0 lowd il 09

11



S Glo (guigo 4y S (918 B (SMIE o 5733 15 310 s BT lfllng s

(AN

Fractal Analysis of V

ssaqno0
3540100

3830000

2

Log No

3520000

=

2510000
510000

Prediction-Area

— s .0
Yxc e 012 002 0.00

ses9000
4sse0n

Percentage of study area (%)

Percentage of Fe occurrences (%)

T T T T T
360000 700 380000 390000 oo

N

04 0 6 07 09 Fe-Occurrens
T B0 [Joss-ors § Feoccumnces A
[ 017 -0.63 [ 0.78 -1 oUTNEeY. 5 o
e KT

@ ()
ol 2 p2obly Clile ;LS Al (@ woluns —jladio (coks y I plad 510905 (Al dbly (o2 laonndigh] Cdale guipaiiab alddi A JSb
o luo — (St HI090d (7 9 JUS B Hloged

(N

s00000 om0 oom 000 woom
Fractal Analysis of Mag Bodies § §
s b & 8
g =
2
5 ]
. # i
14 12 1
Log transfom value
£ &
Prediction-Area
E— - )
oy o]
MU i
L3 2 2
30 §
s
w0
50 B
b
60 & i i
b 1 L
0 & L L]
s & .
%0 T T T T T
\ 0,00 000 ) ) st ) w0
e ® 100 Mag bodies N
o 1 02 3 04 05 06 7 8 09 1 &
- il Bo-0o0os [ Jot6-078 : :(:“""e"‘" A
ransformed value
——r e —8—Ara [ 0.05-0.16 [N 0.76 -1 currences o

5 1
]

@ (<)

ool g i JUSC S0LS Al (@ e luano — i (goss )5 plod Ioged (Al b litie (Ll JUSouw (guiuadab aldli o) S
o luo — (Gt 10903 (7 9 JUS )3 1090

A4 18+¥ Obiwo 0 sbodd ok 0399



S Bl guigo 4yl

99 3 (S0 (5394wl 03900 33 (BT (S1HA” Ak (195 (SNdligS

Gwaligs —Y-F

«2yla0 (9 6550k sl G lgie 4 (gunatiys
dcsome 3 a4 Slaslie jl glacgexe arass aa by
ais abgd S bacgeme pj ol 5l plaS e 4 as 5)ls 1,
o2 dnd by @lgs e Olaslis a5 Jiee 4 09
Jedod 5 e lp @l ST SO ganadyS s
S5 oL aiile a5l s bows 4o a5 conl (g kel sloools
oolaiwl pgal iloy g oS ais (gglSesls (pile
P> Skade> g Capde lp 90y, ol et
oolawl Jol JJo 0sd o a3 S IS a4 aools 51 candae
Sl o Sg 5100 olal rals (gamadss slapi 65l
vl
k-means sosaig> ool daw l iegh cpl 4o
a5 sl SOM) suilejls 095 aiis 9 c-means ;8
> o e Sl oad colaiul Josme Jadly alds
dligs slass s gaade> slapi ol 5l oolawl sl
e Jodly Jow oz g BB 00 adgs slaws ol
O Sl Gisiy S 5B @l Sleelad cal ol b
e Sl al@ 0905 colaiul badgs aigy olass
2N S atls Slisen By, boond oy
o a4 (@)Y SE) colus - lade JUS )8 S ol
e Sl ganalis® slapy oSl ales iy (58 L
i VY S jo ol ol adgs a4 aals 4 4 (5l 30)

slay a5 (V Jgaz) cas o las Judsw oyl @b.)

039 W) Sekd (SLeySo (g5 VT 0j9 L) Gl S
O 0 &3s b leojlshas 5 (V) (55 B Gless 095 <O VY
odgazme s S aiie SlusSl gl o Sage
SV B35 Gl B glye & Vil (6004
(2hal b s o) (Ll 5 (5585 (sloodgi by g Jlo g o
ilos S ol 8 ol pd LS5 (6l ol sl pd g Joe
by QUL o jlshas @Y 10 Vb (9 &j50 4 g9050 0
by S b Sl gl So Y VL (9 el 038
odgazs ;5 ol plEd L L. Jbygus slagle S
Ol Jel opl s Grizen )l Cillas (g9, 5hu]
2B S (6568 50 plerd iy o oS s e
eloriisdy Gladiges sy ol cde aS o jls Bas  Sase
Gurb 5 sals slaa (55 s 5l G el e s

Slp 2Pl Sligeen by, 5l ol — (i Jl3ged
oals oolaiul uame Juwilyy ais G jo by sles pleol
5odel Cows 4 Fame Jasly asds VY S 0 ool
u»L.u‘ » aS el o0l ool ULM..: ua>l.w QS’L”"M L)f’ﬁ)
ods (gaimaide (IS iy 4 Gl - Hlade JUS 3 Jove
Sl oael Caws 4 P-A Jloges g (VY JS) el
e i @ coles s i £5 polie (ol all
solie a4 amgi b (z)) US8) el dsye VA 9 AY L
slaa¥ plo b awlio ;0 VOV (455 b ol adsi ) Jgux
oals bl B3 5l oy slaws eS Coluse b wall

el 08,5 i |,

Co b — (G, 510g0d (bl y a8l amass (439 g wall saay 1) Jguo

039 oo Yl s J& () cobus

(1) G &5

loayY Sl gy

WY Yo Yy

A% Ol S sl yeo

VWYY Y00 Yy

YA SLs

‘/\Y \/\Yl \CV

oy ool 4]

V) ¥ Yo

" S
Yo e )

\p& Y/Aa Y?

V¥ oo, lskas

‘/fq \/?Y‘ Y‘/\

Py ool oS

‘/fq \/?Y‘ Y‘/\

Y ol oS

‘/\Y \/\Yl \CV

oy wobl

’/i’ Y/fa Yﬂ

\A sl LK

1E+F Oliwo) € 0 lod ciiitd 090

1A



e Qe (guigo 4 5

G (98 B (Sle wiun (5 53 15 w0 e BT albfllae s

(&

Fractal Analysis of Multi-index Overlay

Prospectivity value

—o— Prodction rate  —@— Area

@

Percentage of study area (%)

Index Overlay
N 0.5 - 0.22 [N 047 -0.69

N
4 Fe-Occurrences A
5

B o2z-033 [l 060-079 A P-Occurrences
[ lon-.oer

(<)

Wi (@ v lino — yludio g0ty y S plod I 903 (Al e as Ll SLigpod Luo Ji1d (9 b (b by (gusuaide 4l 1) i
Cluwo = o sy 510905 (Z 3 JUS 53 510905 bl 2 8T (Gams Jmiliy

2 02l 2l wpe slaasls Sl ol slaasls
G5B lapn oD o )l dliss a6 )50l 0dg0e
s b iy 4 g0 ,o odilejle 0g> alii g C-means
ol slaadios plo Cond 1) 039 Gt YY) 9 VTY
59 ahowg 4 00l oy glaadeS rizmen W)l Lo )oKl
S Bldail oaile sl 595 ands g c-means ;3B 1,63l

Al F5as b oYL

Co -0

Jeily il oy gy So siluosls sln

Cbl - ol oS BB agphe Joe 4 axgil o Some
S sleosls acgezs 3l valls Y 1 (63500l cogume
an elS gly sanddes <5L‘b[°"")5i” B C‘)"“‘““
st my @ (ald sbaY ) (Fhy sy L8
sp.’;.i)ﬁfﬂ aw Gl Vo9 ) o leds adeS al solatu
5355 els ) 05 i b plibinn; (sloass b llas
doily & cl W 9w, slodly 5 (65515 5
595 oy b (Siwdole) 1509558 (55 5158 sl sl

s c-means g3l k-means slaps 55l (gl (ganaiys
ez .l ouls sl las (SOM) ouilejlusgs ais
Ao b (Joiine 3llail ipi o8 a2 by @ 00l wgs
ol B Slulis o abss o SUlg s gl .5)ls
dle ados plod 0nipS 0 ol 5 (St €5
Cobas (St E5 e peedl b (Y Jgo2) w38
S5 EEL G 5 dilne VL3 (S8 w0025 5 50
@ O oobel 2 aelsl )5 ol ale aligS 5o (59 0
55 52 50 sS85y ol Cuse
Colus g (cmiom 79 lae ¥ Jaa j0 el odlds s
Obas o)l dw 5o (6l Dglite laddiss oS )
dlss el Cawd a4 sloyie (wlal g Cewl ouls ools
iloas gauca gl
o ey alig> YU ()9 4 4¢3 L k-means g oS!
sl e, plo 4 Cond e 0 Skes 5> 0
ooty b oV Gl 25T ol ooy adss
LB ok @) cudsy 5 Comdlys S (bl
(3585 slaosgi 5 SLaats] (qgm - Glaass] slaosly

1E+F Oliwn) € 0 lod (ildd 090



(S0 @lo (wigo 4y 99 3 (S0 (5394wl 03900 33 (BT (S1HA” Ak (195 (SNdligS

g e el o apm

T TR ——

L2 . - »

s -
@ (&) ()

gc-means 3B b9, (& k-means g, (&l ¢ asls Sligmod g jl 7 o dlnb O 4 SLisST oba LS guuaigs Y JSCo
(SOM) 60 ylojlwdgs alds (z

oilojlw 095 aldis g c-means 3L Kk-means 13 565! aw 3l & i Wgliin graliss gl p coluw g (Swmion £ Hlodo ¥ Jouo

el o5 0 | oVl S | (D et gs | (D oole | R o)led | S8 g,
Y o 4w - . . Y- \
\ e dis -+A0 - ¥a Y0 YY,ve Y
Lugie Al < OY AY \PXF Y K-Means
oS Y VAY VY0 V) 50 ¥
e Y.V vAaY SO - AYY )
Yzl ais; - . . AR \
Vahe aie; | -VFO -4 Y0 YY Y Y
oS -\, 8 YO AY YONA Y Fuzzy C-Means
Lansgie - ¥ 1 FY YoFY VASY ¥
b \YY Y Y OFOY V200 IN
\ e di - . . VYO \
Yzl ais; - . . Yy f# Y
il - VY +/Fa VY0 Y59 ¥ SOM
Liste - ¥- V- Yofr Yo ¥
R X ¥ VY %0V Vo) Q )
0o 3 ATY Colue o0 FOY s Suin 5 L0 algs> F ol loasgs il 5 15 4l 4 slaw glasal 4
2B gt o oS es e V0V 2l Gs s SNl 0 5 ¥ sleadss izes Kk-means o, )5l
obedmey sloazly 1 gudaio aliss plio o ouls aslis L cillas oy piden odilojlu 095 aiii g c-means ;6
oty ol ails ool oLl by bl oy i a5 ol sc-means g3l slap oSl O albss .0 ks o lghas 4Y
Wamlogy ) b cdgry oo 5 b laassT glasin Juls O VYNV 5V VY 055 b o 5 a4 ouilejls 093 4l
CaslyS S 5 b (3585 5 Cunglgd Baas  ogus - Sliais] k-means o ,651 o aiiee 10,651 g0 ol slaasys

1o Ol d 0 3lodd i 0593 R



P Bl guigo & 5

Sl 190 B (Sle arine 575 3 13 e s BT lfliae v

[ Oliwd g ol oo aslis plad 5l oo, OF ¢ £0 i
OF JS8) wles s oluliss
k-means 2,651 5l oals 7l Sl Soxe Juily ands
Q"’){S aS Sl ool ool ul.......» V¥ JS..Z)Q LS)"-’L' Sygo L
S8 >le e k-means o oS 0 ales e i
X,ls ablas ol S5 S b S b oo ylghas a5 5 ls
sael Cawd 4 sloyy g izmed ol YU Laolglas JIE> 4
039 dobegl So 56 @) colue - gt Gk |
Ol S g oo sl sloa¥ b 3lats slaaiis> oYL
35> AL g C-means g3 o610 5 F sloaiys)
&S o 0wl 1y (k-means 65 O adg> g eailejles
GomadgS slap sl aS amo o L ool s @ s
9 Sloows alas G’P 4O as GS.I&L..A 5o L_,>_».> u)Ua.s 9
\.\.oi)lf J"“"?"u‘" ‘\.\J)b SrR Q)Ua'.i Cod )Woob ‘_gLasQ‘LB)
DS SeS ol S asis bl sy ololid 4y g 0l

S5 Az -F

spmeodls slapi oSl 51 S S Regh cpl o

Gy S ol 4 gaadeS g el Jliges
by l8 i 2l (Gane Jeaily 5loJae sl
RNV S (VRSP v- W B FA R a5 039050 O
acgerme 5l aald Y VU con e By, opl Gl 6l
9% 5 (S99 pliordsl) (elidne) slresls

ol el oo

S

iy Ay A5 a0l ansll ._.\.,_1[.\7-‘

[

= 0.4
ki ot it Siansy] sblie aie ay af iblis tolos Cos

el o904 56

5 Ganadss sladoe IS o Sles ol ol sl
Clbs 55 gimie Aol (o dnlie 5 Cole i iy
e 38,5 S o b ame ) el oal azb 5 IS 4y
e iy 4235 a5 was e i ond aslin 53
il Gblie gancaglgl ;o (i ax 4 0nd ady
oo B oaibpn &5 glagonie VWSS jo sl o0g (3850
R R VPUE TRV PRIVELY § gL GRSV TR S
P S a8l A daxgi bl oald ooly las wlawsd
3 Az Gl ) 13 e bz VL o Joe F
Gdge leas] Glual glolis s sud oy sloatis a5
ilosgs

R R e S O e R e
Gl g (gaisadior o, oS Y 512 AN Jlade L ol
ol oo ol gl 4 ces 1) (g, onl ip &S
azis g C-Means 36 k-means 2,651 Y gl jlade
az STl s AY g A o AD L plp o5 5 b oilojlws g
a8 bl ;5 jomme 03ls Sla by, (IS 650 9250 00
aslie Ll [FVFF] dan oo ylas 1) wloads GLeasT g
8l cams g0 i Cadbye £ 5 sla o (plal Ay
olass (6 5ieS Crluwe b el auilys k-means & s g0
mot Ol @ Ced | sl B bl 1S ) g
Uh9y 5 (O algm) k-means 1,5l ouS slulis colus
O oy A L a colus b plas o colus - oo ion

—— K-means - AUC=0.85

—— Fuzzy C-Means - AUC=0.80
SOM - AUC=0.82
Index-Overlay - AUC=0.88

- - - - Diagonal line

0.6 0.8 1.0

andllas o) ge ddibaie Cbone 154

odilojlwogs alds g C-Means g1 K-Means (jpo5Ls Glibgaod Jowo F Coddgo &5 sba S Y Sl

\A

1E+F Oliwn) € 0 lod il 0598



S0 @lo (wigo 4 pid 99 3 (S0 (5394wl 03900 33 (BT (S1HA” Ak (195 (SNdligS
360000 370000 380000 390000 400000
1 1 1 1 1
b g
24 -2
3 5
3 3
b g
g g
a7 e
H 3
g 8
3 g
S - —&
3 3
] 2
8 s
84 S
n 5
] 3
E=] =]
] ]
2 -3
2 2
g 3
E=] =]
] ]
E=1 =]
g L2
=] =]
3 3
T T T T T
360000 370000 380000 390000 400000
N

K-Means { Fe-Occurrences A

- Unfavorable zone 2 P-Occurrences

B Favorable zone fineaments —

3% Host Rocks

G B D9y 2 (o (BT (Db Sy alds N JS

099y S S5 p b pll Cuddes Fy gouine leolaill b
A gaxun Bblin Lol was o lid |y colue - coion
abg3) Gl odal Cawos 4 k-means ganasgs o 565
saraslis aS oyl (g i cnllhs oyl el Lo«
ol pg o b, ple 4 Sl Shyed B9y S5 R
61@[‘,.';.3)9§J| LS‘)-?" 6‘)-.’ Lm:\.,.u? g o ooy J.J}a

.o; s |) Q)LL':J 09N Ls..\...mt...uP

1E+F Oliwo) € 0 lod ciiitd 090

oz ool guuadS slba¥ aps lp bzl sl
Colus — g HIoges 5 Coluelade JUS 3 Jos
Sligean g, jloslaiul bonds Jlocyie ¥ Aol eolaul
SES B gy sl eolaul b ol 4 wsals slésl ezl
ool a8 Wl s WS iy 4 (C-A) coliss - Jluie
&b k-means gunaiy> glapi oKl (WIS slass ol
GL8D sy 5l (SOM) osilejlusss aiis g c-means
a5 oS Awnlie ax 31 ol | ol cadgs iy 4 call Y A

rY



P Bl guigo & 5

Sl 190 B (Sle arine 575 3 13 e s BT lfliae v

International Journal of Mining and Geo-Engineering,
55(1): 17-26.

[10] Abedi, M., Norouzi, G.-H., and Bahroudi, A. (2012)
“Support vector machine for multi-classification of
mineral prospectivity areas”’. Computers & Geosciences,
46: 272-283.

b9y ooliiw!" \F- - LE (SOaks vz o gt S ool [Vy]

920 Joiliy (530w oo joliio 4 AHP-TOPSIS o5 55

aolilad ~”O‘)'.’.| Gy Jlod pl Hldaasy adyg 40 o
V-0V Lo ) ojleds Y 0,90 ¢y ils sloyimgl

[12] Bahrami, Y., Hassani, H., and Maghsoudi, A. (2019).
“BWM-ARAS: A new hybrid MCDM method for Cu
prospectivity mapping in the Abhar area, NW Iran”.
Spatial Statistics, 33: 100382.

[13] Bencharef, M. H., Eldosouky, A. M., Zamzam, S., and
Boubaya, D. (2022). “Polymetallic mineralization
prospectivity modelling using multi-geospatial data in
logistic regression: The Diapiric Zone, Northeastern
Algeria”. Geocarto International, 37(27): 1-36.

[14] Agterberg, F. P., and Bonham-Carter, G. F. (1999).
“Logistic regression and weights of evidence modeling
in mineral exploration”. In Proceedings of the 28th
international symposium on applications of computer in
the mineral industry (APCOM), Golden, Colorado, pp.
490.

[15] Singer, D. A., and Kouda, R. (1996). “dpplication of a
feedforward neural network in the search for Kuroko
deposits in the Hokuroku district, Japan”. Mathematical
Geology, 28(8): 1017-1023.

[16] Bonham-Carter, G. F. (1989). “Weights of evidence
modeling: a new approach to mapping mineral
potential . Statistical Applications in the Earth Sciences,
171-183.

[17] Maepa, F., Smith, R. S., and Tessema, A. (2021).
“Support vector machine and artificial neural network
modelling of orogenic gold prospectivity mapping in
the Swayze greenstone belt, Ontario, Canada”. Ore
Geology Reviews, 130: 103968.

[18] Ford, A. (2020). “Practical implementation of random
forest-based mineral potential mapping for porphyry
Cu—Au mineralization in the Eastern Lachlan Orogen,
NSW, Australia”. Natural Resources Research, 29(1):
267-283.

[19] Hariharan, S., Tirodkar, S., Porwal, A., Bhattacharya,
A., and Joly, A. (2017). “Random Forest-Based
Prospectivity Modelling of Greenfield Terrains Using
Sparse Deposit Data: An Example from the Tanami
Region, Western Australia”. Natural Resources

\Al

S35 ol -V

proe o 90 Sloms 5l ailoe p3Y 052 5 il o
G5l sla el L a8 Sase gulie psikien 55" alone
ol Ao 1y Slo s

&y —A

[1] Xiong, Y., Zuo, R., and Carranza, E. J. M. (2018).
“Mapping mineral prospectivity through big data
analytics and a deep learning algorithm”. Ore Geology
Reviews, 102: 811-817.

[2] Cheng, Q. (2012). “Singularity theory and methods
for mapping geochemical anomalies caused by buried
sources and for predicting undiscovered mineral
deposits in covered areas”. Journal of Geochemical
Exploration, 122: 55-70.

[3] Torppa, J., Nykénen, V., and Molnar, F. (2019).
“Unsupervised  clustering and empirical  fuzzy
memberships for mineral prospectivity modelling”. Ore
Geology Reviews, 107: 58-71.

[4] Carranza, E. J. M. (2017). “Natural Resources Research
Publications on Geochemical Anomaly and Mineral
Potential Mapping, and Introduction to the Special
Issue of Papers in These Fields”. Natural Resources
Research, 26(4): 379-410.

[5]1 Li,T., Zuo,R., Xiong, Y., and Peng, Y. (2021). “Random-
Drop Data Augmentation of Deep Convolutional Neural
Network for Mineral Prospectivity Mapping”. Natural
Resources Research, 30(1): 27-38.

[6] Sun, T., Li, H., Wu, K., Chen, F., Zhu, Z., and Hu, Z.
(2020). “Data-driven predictive modelling of mineral
prospectivity using machine learning and deep learning
methods: A case study from Southern Jiangxi Province,
China”. Minerals, 10(2): 102.

[7] Abedi, M., Norouzi, G. H., and Torabi, S. A. (2013).
“Clustering of mineral prospectivity area as an
unsupervised classification approach to explore copper
deposit”. Arabian Journal of Geosciences, 6(10): 3601-
3613.

[8] Rezapour, M. J., Abedi, M., Bahroudi, A., and Rahimi,
H. (2020). “4 clustering approach for mineral potential
mapping: A deposit—scale porphyry copper exploration
targeting”. Geopersia, 10(1): 149-163.

[91 Rahimi, H., Abedi, M., Bahroudi, A., Rezapour, M. J.,
Elyasi, G. R., and Aslani, S. (2021). “4 hybrid-based
clustering algorithm for targeting porphyry copper
mineralization at Chahargonbad district in SE Iran”.

1E+F Oliwn) € 0 lod il 0598



S Bl guigo 4yl

99 3 (S0 (5394wl 03900 33 (BT (S1HA” Ak (195 (SNdligS

(2022). “Application of self-organizing map (SOM)
and K-means clustering algorithms for portraying
geochemical anomaly patterns in Moalleman district,
NE Iran”. Journal of Geochemical Exploration, 233:
106923.

[31] Rahimi, H., Abeedi, M., Yousefi, M., Bahroudi, A., and
Elyasi, G. (2021). “Supervised mineral exploration
targeting and the challenges with the selection of deposit
and non-deposit sites thereof”. Applied Geochemistry,
128: 104940.

[32] Cohn, R., and Holm, E. (2021). “Unsupervised machine
learning via transfer learning and k-means clustering
to classify materials image data”. Integrating Materials
and Manufacturing Innovation, 10(2): 231-244.

[33] Nabatian, G., Rastad, F., Honarmadn, M., and Ghaderi,
M. (2015). “Iron and Fe--Mn mineralisation in Iran:
implications for Tethyan metallogeny”. Australian
Journal of Earth Sciences, 62(2): 211-241.

[34] Daliran, F. (2002). “Kiruna-type iron oxide-apatite
ores and “apatitites” of the Bafq district, Iran, with an
emphasis on the REE geochemistry of their apatites” .
In: Porter, T. M. (Ed.), Hydrothermal Iron Oxide Copper
Gold and Related Deposits: A Global Perspective, PGC
Publishing, Adelaide, 2: 303-320.

oS o sold iz (laalE o 5,0 .y o B o pw o bl [l
aslilad 635 0 ol (@BL yal (b3S Hlocaill oal
YY-AY o AY ojles Y 0,90 oanj psle

Hhils 5 lwS (S s SIS w0 e\\"‘\\_f.f s o5 171
ey pole aslilad 3L Al (60 9hul Cuill-couiKe
AYYY o AD o )lah VY 058

S S YAV bl woljeabic o coldple ) wlys e [YY]

L QT g lio g liw s wa—w&o 3L~u3lS 30 2lbys

pole aslilad (535 po ol 2l (33L 4l (T (gl Luils’ Koo
YOV-YFA o Vo A o leds YV 0,93 eiyms)

[38] Daliran, F., Stosch, H.-G., Williams, P., Jamali, H.,
and Dorri, M. B. (2010). “Early Cambrian iron oxide-
apatite-REE (U) deposits of the Bafq district, east-
central Iran”. Exploring for Iron oxide copper--gold
deposits: Canada and Global analogues. Geol Assoc
Canada, Short Course Notes, 20: 143-155.

AYAY o Lojge o cendl cilom (Jddl wp ool op ool oo ¥4
S gy b sbylsle b ool pais jlal bl
Olp! (@l adkin yo Alfuis JLS B b oS &
AMNR o VA o )leds (e pole aalihas " (535 po
[40] Nabilou, M., Afzal, P., Arian, M., Adib, A., Kheyrollahi,

H., Foudazi, M., and Ansarirad, P. (2021). “The
relationship between Fe mineralization and the magnetic

1E0F Olino) € 0 lowd il 09

Research, 26(4): 489-507.

[20] Zhang, S., Xiao, K., Carranza, E. J. M., and Yang, F.
(2019). “Maximum entropy and random forest modeling
of mineral potential: Analysis of gold prospectivity
in the Hezuo—Meiwu district, west Qinling Orogen,
China”. Natural Resources Research, 28(3): 645-664.

[21] Ghezelbash, R., Maghsoudi, A., and Carranza, E. J.
M. (2019). “Mapping of single- and multi-element
geochemical indicators based on catchment basin
analysis: Application of fractal method and unsupervised
clustering models”. Journal of Geochemical Exploration,
199: 90-104.

[22] Carranza, E. J. M., Mangaoang, J. C., and Hale, M.
(1999). “dpplication of mineral exploration models
and GIS to generate mineral potential maps as input for
optimum land-use planning in the Philippines”. Natural
Resources Research, 8(2): 165-173.

[23] Bonham-Carter, G. F. (1994). “Geographic information
systems for geoscientists. Modelling with GIS. Computer
methods in the geosciences”. Elsevier. eBook ISBN:
9781483144948.

[24] Barak, S., Imamalipour, A., Abedi, M., Bahroudi, A.,
and Khalifani, F. M. (2021). “Comprehensive modeling
of mineral potential mapping by integration of multiset
geosciences data”. Geochemistry, 81(4):125824.

[25] Riahi, S., Bahroudi, A., Abedi, M., Aslani, S., and Lentz,
D. R. (2022). “Evidential data integration to produce
porphyry Cu prospectivity map, using a combination
of knowledge and data-driven methods”. Geophysical
Prospecting, 70(2): 421-437.

[26] Barak, S., Abedi, M., and Bahroudi, A. (2020). “4
knowledge-guided  fuzzy inference approach  for
integrating geophysics, geochemistry, and geology data
in a deposit-scale porphyry copper targeting, Saveh,
Iran”. Bollettino di Geofisica Teorica ed Applicata,
61(2): 159-176.

[27] Riahi, S., Bahroudi, A., Abedi, M., and Aslani, S. (2022).
“Hybrid outranking of geospatial data: Multi attributive
ideal-real  comparative analysis and combined
compromise solution”. Geochemistry, 82(3): 125898.

[28] Carranza, E. J. M. (2011). “Geocomputation of mineral
exploration targets”. Computers & Geosciences,
37(12): 1907-1916.

[29] Ghezelbash, R., Maghsoudi, A., Shamekhi, M., Pradhan,
B., and Daviran, M. (2022). “Genetic algorithm to
optimize the SVM and K-means algorithms for mapping
of mineral prospectivity”. Neural Computing and
Applications, 35: 719-733.

[30] Bigdeli, A., Maghsoudi, A., and Ghezelbash, R.

£



P Bl guigo & 5

Sl 190 B (Sle arine 575 3 13 e s BT lfliae v

K. (2006). “Characterization and identification of
the sources of chromium, zinc, lead, cadmium, nickel,
manganese and iron in PM10 particulates at the two
sites of Kolkata, India”. Environmental Monitoring and
Assessment, 120(1): 347-360.

[52] Reimann, C., Filzmoser, P., and Garrett, R. G. (2002).
“Factor analysis applied to regional geochemical data:
problems and possibilities”. Applied Geochemistry,
17(3): 185-206.

[53] Zumlot, A. B. T. (2012). “Multivariate statistical
approach to geochemical methods in water quality
factor identification; application to the shallow aquifer
system of the Yarmouk Basin of north Jordan”. Research
Journal of Environmental and Earth Sciences, 4(7): 756-
768.

[54] Ammar, F. H., Chkir, N., Zouari, K., Hamelin, B.,
Deschamps, P., and Aigoun, A. (2014). “Hydro-
geochemical processes in the Complexe Terminal aquifer
of southern Tunisia: An integrated investigation based
on geochemical and multivariate statistical methods”.
Journal of African Earth Sciences, 100: 81-95.

[55] Nazarpour, A., Omran, N. R., and Paydar, G. R.
(2015). “Application of multifractal models to identify
geochemical anomalies in Zarshuran Au deposit, NW
Iran”. Arabian Journal of Geosciences, 8(2): 877-889.

[56] Clark, D. A. (2014). “Magnetic effects of hydrothermal
alteration in porphyry copper and iron-oxide copper--
gold systems: A review”. Tectonophysics, 624: 46-65.

[57] Testa, F. J., Villanueva, C., Cooke, D. R., and Zhang,
L. (2018). “Lithological and hydrothermal alteration
mapping of epithermal, porphyry and tourmaline
breccia districts in the Argentine Andes using ASTER
imagery”. Remote Sensing, 10(2): 203.

[58] Nabilou, M., Arian, M., Afzal, P., Adib, A., and Mehrnia,
A. K. (2018). “Determination of relationship between
basement faults and alteration zones in Bafq-Esfordi
region, central Iran”. Episodes Journal of International
Geoscience, 41(3): 143-159.

[59] Cheng, Q., Agterberg, F. P., and Ballantyne, S. B.
(1994). “The separation of geochemical anomalies
from background by fractal methods”. Journal of
Geochemical Exploration, 51(2): 109-130.

[60] Yousefi, M., and Carranza, E. J. M. (2015). “Prediction-
-area (P-A) plot and C-A fractal analysis to classify
and evaluate evidential maps for mineral prospectivity
modeling”. Computers & Geosciences, 79: 69-81.

[61] Yousefi, M., and Carranza, E. J. M. (2016). “Data-driven
index overlay and Boolean logic mineral prospectivity
modeling in greenfields exploration”. Natural Resources
Research, 25 (1): 3-18.

Yo

basement structures using multifractal modeling in the
Esfordi and Behabad Areas (BMD), central Iran”. Acta
Geologica Sinica-English Edition.

[41] Daliran, F., Stosch, H. G., and Williams, P. (2007).
“Multistage metasomatism and mineralization at
hydrothermal Fe oxide-REE-apatite deposits and
“apatitites " of the Bafq District, Central-East Iran”. In
Digging Deeper, Proceedings of the 9th Biennial SGA
Meeting Dublin, 1501-1504.

[42] Foerster, H., and Jafarzadeh, A. (1994). “The Bafg
mining district in central Iran; a highly mineralized
Infracambrian volcanic field”. Economic Geology,
89(8): 1697-1721.

[43] Shamseddin Meigooni, M., Lotfi, M., Afzal, P., and
Nezafati, N. (2021). “Detection of rare earth element
anomalies in Esfordi phosphate deposit of Central Iran,
using geostatistical-fractal simulation”. Geopersia,

11(1): 115-130.

[44] Mokhtari, M. A. A., Zadeh, G. H., and Emami, M. H.
(2013). “Genesis of iron-apatite ores in Posht-e-Badam
Block (Central Iran) using REE geochemistry”. Journal
of Earth System Science, 122(3): 795-807.

[45] Torab, F. M. (2008). “Geochemistry and metallogeny of
magnetite apatite deposits of the Bafq mining district,
Central Iran”. Univ.-Bibliothek, pp. 131. ISBN:
3940394289.

[46] Yousefi, M., and Nykénen, V. (2016). “Data-driven
logistic-based weighting of geochemical and geological
evidence layers in mineral prospectivity mapping”.
Journal of Geochemical Exploration, 164: 94-106.

[47] Yousefi, M., and Carranza, E. J. M. (2017). “The
efficiency of logistic function and prediction-area
plot in prospectivity analysis of mineral deposits”. In
Conference: Mineral ProspectivityAt: BRGM, Orleans,
France.

S by, s dug” V- (sle wm ( SBT LG (saexl [FA]

A Cawndd ¥ oo gloylgale pglai 1 oolisiwl b Suxe

4785 60 yghanl i) eoeee 45 5 30 T HLudlS (gl il g
A-YY e Al e)Lo..'l'.v (pas 0,98 (Saxe @L;.o (e

[49] Ahmadi, F., Aghajani, H., and Abedi, M. (2021).
“Geochemical potential mapping of iron-oxide targets
by Prediction-Area plot and Concentration-Number
fractal model in Esfordi, Iran”. International Journal of
Mining and Geo-Engineering, 55(2): 171-181.

[50] Zuo, R. (2018). “Selection of an elemental association
related to mineralization using spatial analysis”. Journal
of Geochemical Exploration, 184: 150-157.

[51] Karar, K., Gupta, A. K., Kumar, A., and Biswas, A.

1E+F Oliwn) € 0 lod il 0598



S Bl guigo 4yl

99 3 (S0 (5394wl 03900 33 (BT (S1HA” Ak (195 (SNdligS

along Ahvaz—Isfahan route in Iran”. Journal of Applied
Geophysics, 123: 112-122.

[64] Abedi, M. and Oskooi, B. (2015). “A4 combined
magnetometry and gravity study across Zagros orogeny
in Iran”. Tectonophysics, 664: 164-175.

1E0F Olino) € 0 lowd il 09

[62] Agterberg, F. P., and Bonham-Carter, G. F. (2005).
“Measuring the performance of mineral-potential
maps”. Natural Resources Research, 14(1): 1-17.

[63] Oskooi, B., and Abedi, M. (2015). “An airborne
magnetometry study across Zagros collision zone

|



