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Identification of geochemical anomalies plays an essential role in
mineral exploration. Recent research investigations have shown that
Machine Learning (ML) algorithms can identify geochemical anomalies
associated with mineralization that represent targets for mineral
exploration. Machine Learning algorithms are widely used in various
fields due to their strong capability to extract and display high-level
features of training samples. Autoencoder networks show a high ability
to identify geochemical anomalies. In this study, the combined method
of autoencoder network with the fractal concentration-area method was
used to identify geochemical anomalies. First, using multivariate factor
analysis, the elements barium, lead, zinc, copper, gold, iron, gold and
arsenic were selected as indicators. Subsequently, the uni-element
geochemical maps of these elements were prepared, and to standardize
the maps in terms of minimum and maximum values, all maps were
fuzzified and scaled. Using the fuzzy gamma operator, uni-element
geochemical maps were combined. Then the resulting map applied the
deep autoencoder method with eight layers of encoder and decoder were
reconstructed. Finally, a mineral prospectively map was prepared for the
potential area using the concentration-area fractal method. The mixed
model proposed in this study introduces the region with high
mineralization potential northeast of the studied area.
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EXTENDED ABSTRACT

Introduction

Over the past few decades, the identification of
geochemical anomalies has played an important role
in mineral exploration (Coates et al., 2011; Lecun et
al., 2015; Bergen et al., 2019) Various methods have
been used to identify geochemical anomalies in the
last few decades, including statistical analysis,
geostatistical approaches (Nabavi, 1976), fractal
modeling (Ziaii et al., 2009; Ziaii et al., 2012) and
many other methods. Fractal/multifractal models are
powerful tools that have been widely used to detect
geochemical anomalies.

Recent developments in machine learning methods
have led to significant advances in geoscience. ML-
based approaches to mineral prospectivity mapping
using geochemical data can more effectively identify
statistical correlations between geochemical patterns
than other non-ML methods. Recent research shows
that machine-learning approaches enable the
integration of geochemical data and the successful
identification and separation of geochemical
anomalies associated with mineralization that may
be overlooked using non-machine learning methods
(Tukey, 1977; Cheng, 2006; Cheng et al., 2010).

In this study, the combined method of autoencoder
network with the fractal concentration-area method
was applied to identify geochemical anomalies in the
Hashtjin area (Ardabil province), NW Iran.

Materials and methods
The combined method of the autoencoder network
with the fractal concentration-area method was used
to identify the geochemical anomalies. The flowchart
of this study is as follows:

1- First single-element geochemical maps of Pb, Zn,
Cu, Au, As, Fe, and Ba elements were prepared, and
to incorporate the minimum and maximum values,
all of them became fuzzy to be in the range of (0 and
1).

2- Geochemical maps were combined using the
fuzzy gamma operator.

3- The deep autoencoder method was implemented
on the resulting map, and the reconstructed output
was obtained.

4- Using the fractal concentration-area method, the
final map of mineral prospectivity maps was
prepared.

Discussion
An autoencoder is a type of artificial neural network
used for learning efficient encoding of unlabeled data

(unsupervised learning). Autoencoder consists of
two functions: an encoder function that encodes the
input data into a lower-dimensional hidden layer and
a decoder function that reconstructs the encoded
input data.

The encoder part of an autoencoder network attempts
to reduce the dimensionality of the input data while
preserving the majority of the information, and it
encodes the input data in a blinded space. The
decoder part attempts to capture the encoded data and
reconstruct the original data with minimal error. The
deep autoencoder network is an autoencoder network
in which the neural network is designed profoundly,
and the number of layers in it is greater. Each layer
looks at the data as a new perspective. This neural
network automatically and through unsupervised
learning identifies patterns, complex structures, and
high-level features of the input data.

Considering the evidence of the fractal nature of
element distribution, the use of these methods in
geochemical exploration for separating anomalous
populations from the background with high
confidence levels is one of the most potent known
methods. The concentration-area fractal method is
based on the amount of area occupied by a particular
concentration in the study area.

Results

The study area exhibits complex geochemical
features. In such a complex setting, it is essential to
implement multiple methods in combination to
separate anomalies from the background accurately.
The combined method introduced in this study is a
powerful tool for identifying geochemical anomalies
in areas with complex geological history and diverse
geochemical backgrounds. According to the results,
all three methods used in this study represent a high
favorability of ore mineralization in the northeast of
the study area; Therefore, further investigations and
investigation are recommended in the introduced
area during later stages.

The results obtained from applying the fractal
method to the output of the deep autoencoder method
indicated a potentially favorable area for the
mineralization with approximately 9,047,500 m?

In the predictive map obtained in the northeast of the
studied area, an area with high mineralization
potential is introduced, which is geologically
represented by the Upper Jurassic (Lar Formation)
and Cretaceous formation controlled by, fault
boundaries and in the northeastern part of the
Hashtjin.
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Fig. 5. Univariate geochemical maps: A: Arsenic, B: Gold, C: Barium, D: Copper, E: Iron, F: Lead, and G: Zinc in the

Hashtjin area
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Fig. 6. Single-element geochemical maps of Cu, Pb, Zn elements using IDW Method in the Hashtjin area
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Table 1. Concentration and area values of each element in the Hashtjin area

Pb Zn Cu

VALUE area cumarea  VALUE area cumarea VALUE area cumarea
2041 95000 95000 2041 45000 45000 2041 5250000 5250000
1023 380000 475000 1023 195000 240000 1023 85145000 90395000
524 2027500 2502500 524 1920000 2160000 524 114112500 204507500
269 17955000 20457500 269 15115000 17275000 296 61142500 265650000
134 148342500 168800000 134 36802500 54077500 134 13020000 278670000
69 123930000 292730000 69 110035000 164112500 69 8862500 287532500
34 5157500 297887500 34 118435000 282547500 34 7455000 294987500
18 617500 298505000 18 15455000 298002500 18 3245000 298232500
9 185000 298,690,000 9 687500 298690000 9 457500 298690000
VALUE area cumarea - area cumarea | VALUE area cumarea

2041 55000 55000 35000 35000 2041 127500 127500

1023 145000 200000 192500 227500 1023 475000 602500
524 957500 1157500 1137500 1365000 524 4847500 5450000
296 5332500 6490000 2895000 4260000 296 38540000 43990000
134 34902500 41392500 9127500 13387500 134 131525000 175515000
69 74112500 115505000 51865000 65252500 69 79467500 254982500
34 126802500 242307500 59895000 125147500 34 37065000 292047500
18 53430000 295737500 57075000 182222500 18 6217500 298265000
9 2952500 298690000 116467500 298690000 9 425000 298690000
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Table 2. Specifications of the encoder and decoder layers defined for the implementation of the deep autoencoder

algorithm Hashtjin Area

Layers name Unites Activation Input
Encodedl 50000 Relu Input image
Encoded?2 5000 Relu Endoded1
Encoded3 1000 Relu Encoded?
Encoded4 500 Relu Encoded3
Decoded1 1000 Relu Encoded4
Decoded2 5000 Relu Decoded1
Decoded3 50000 Relu Decoded2
Decoded4 500000 Sigmoid Docoded3
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Fig. 9. Error graph according to the number of training courses in training the deep autoencoder method in the Hashtjin
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Table 3. Breakpoints values in the probability-area diagram in the Hashtjin area
Breaking Breaking

Breakpoints point 1 point 2
probability 0/22 0/61
Number of cells 9672 3619

Area (square meter) = 24180000 9047500

number of cells 50*50

C-A Diagram for Pb C-A Diagram for Cu
- -A Diagram for 1E+09 2961265650000
100000000 100000000 Nozswosm
10000000 134:168800000 10000000
& 1000000 69292730000 \ s 1000000 5244204507500
a 100000 i 100000
1000 52412502500 % 10000
- 1000 - 1000
100 100
10 10
1 1
1 10 100 1000 10000 1 10 100 1000 10000
Log Pb(ppm) Log Cu(ppm)
C-A Diagram for Zn — CA Dagram for £e
1E+09
l 691164112500 100000000 29643990000
10000000 341282547500 10000000 134175515000
1023:240000 1000000
« 1000000 s
£ 100000 269417275000 g . 10231602500
w0 10000 % 10000
) =l
-l 1000 1000
100 100
10 10
! 1
1 1 00 1000 10000
Log in(ppm) X W Log l-‘e(ppnllgu 1000 1000
C-A Diagram for Au C-A Diagram for As
1E+09 o 134141302500
100000000 134:13387500 100000000
10000000 10000000 691115505000
1000000 69:65252500 1000000
=«
£ 100000 5 10000 52411157500
10000 296:4260000 5» 10000
-]
S 1000 1000
100 100
10 10
1 1
1 10 00 1000 10000 1 10 100 1000 10000
Log Au(ppb)l Log As(ppm)

W@)} 3 " )T})M?L&TL&})‘u«wcgﬁﬂu6‘ﬁWﬁ)L&J)&Z}L&A—)L’9ét§}%dh&)@)‘}}&.‘\ J::A
Fig. 11. The logarithmic diagram of the C-N multifractal model and breakdown values for Pb, Cu, An, Fe, Au and As
elements in the Hashtjin area
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Fig. 12. Mineral prospectivity maps generated by A: Fuzzy integration of univariate geochemical maps with fuzzy gamma
operator (Gamma=0.9), B: Reconstruction of the map resulting from fuzzy integration with the deep autoencoder method,

and C: Implementation of fractal concentration-area method on the reconstructed map by deep autoencoder in the Hashtjin
area

DOI: 10.22067/econg.2024.1117 Y oyld 08 055 OF ¥ bl b s

AR


https://doi.org/10.22067/econg.2024.1117

o ol (gl o s e S 5 Clus — ke IS5 (5ledie 5,8 OHan 5 55 Jmslal
a|):e.a\_§oéﬁ)l54.3k;j)A_wjh¢@u4.34.‘g-j§'l.3.d.;)‘: ‘5;47:&.’9

«ib.uodf&dl.q_& 3 L;J.b.x.;_- Lg)l_wu.a\f Lg‘)“.a Jlaz| LT3
CJ\:JUQ.A}L&LSM‘)J{(L?d‘cj)d‘j‘.xhbdbw‘)@)ﬁb‘)y

235 h e 5 (Sehry SRR 55 53 0 B jme allla )3 i

Ble (ool
Wl oSOl O iy 5 o g il o505 6 S

EIEPEY

i e Ol s los Sl allis ol O Ay
¢l bl Slond 5 Odee (nins Dlasl ) 5287 O el
s la kil 5l (I Sy e LT 1 pimeas
b s i e Oy gl oSl g 05l slanlgiiny
Al G258 5 S5 gLl

1. Machin Learning

2. Deep autoencode

3. unsupervised learning
4. Interpolation

5. Geostatistical

6. Deterministic
7.(IDW) Inverse Distance Weighting
8. Classified

9. Equal Interval

10. Natural Breaks

11. Quantile

12. Geometrical Interval
13. Input image

14. Decoded

15. Adam

16. Shapefile

17. GIS

ol gl ) oo (sla S5 s (slyls Sha sl 3 ge adkate
Solmosly @a Ly o) i Ll clodmmy allate i s
Mar x5 olamali 85 55k 4 ol LT s o8 =S
okl slgiiy oS 5 B coal s 4 glaais plul oS
ailte G bt 31y e e QYO Sl b glailate
Sl S VL il L SLEST Coda Ol e @0 (o) 2 20 50
St ailate e Lyl 5 L OT (5 e 457 AS (0 e
—é:aﬁ)l{Jf)‘f‘}ﬁ‘))}; =S 5 iy opl 5 ayls
23) s S8 seys 5 SIS sl by 3l e JES
St 655 2 53 ol ol ol a2 (55
1y BLasST Oolual Cal 4l 5 (6 i &S5 oo oo
AR ARyl 03 e Be (oS 5 hay S e
bl 53 olen by g bl o Lulid (ol 5 L )8

C}.I.a Lﬁ-t?-‘“f"&gﬁﬁ) AA:.AJ K WL":'WJ a.;\ﬁ::.:? .b.?w ny |

DOI: 10.22067/econg.2024.1117

VY.

Y ooyled NP oy 95 NPV (ool wuw.a)


https://doi.org/10.22067/econg.2024.1117

Imamalipour et al. Application of Concentration-Area fractal modeling and artificial neural network to identify ...

References

Afzal, P., Aramesh Asl, R., Adib, A. and Yasrebi,
A.B., 2015. Application of fractal modelling for
Cu mineralisation reconnaissance by ASTER
multispectral and stream sediment data in
Khoshname area, NW Iran. Journal of the Indian
Society of Remote Sensing, 43: 0255-660.
https://doi.org/10.1007/s12524-014-0384-6

Alavi, M., 1996. Tectonostratigraphic synthesis and
structural style of the Alborz Mountains system
northern Iran. Journal of Geodynamic, 21(1): 1-
33.
https://doi.org/10.1016/0264-3707(95)00009-7

Aramesh, Asl,R., Afzal, P., Adib, A. and Yasrebi,
A.B., 2015. Application of multifractal modeling
for the identification of alteration zones and major
faults based on ETM+ multispectral data. Arabian
Journal of Geosciences, 8: 2997-3006.
https://doi.org/10.1007/s12517-014-1366-2

Bergen, K.J., Johnson, P.A., De Hoop, M.V. and
Beroza, G.C., 2019. Machine learning for data-
driven discovery in solid earth geoscience,
Science, 363(6433).
https://doi.org/10.1126/science.aau0323

Cheng, Q., 2006. Mapping singularities with stream
sediment geochemical data for prediction of
undiscovered mineral deposits in Gejiu, Yunnan
Province, China. Ore Geology Reviews. 32(1-2):
314-324.
https://doi.org/10.1016/j.oregeorev.2006.10.002

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.
https://doi.org/10.1016/0375-6742(94)90013-2

Cheng, Q., Agterberg, F.P. and Bonham Carter, G.F.,
1996. A spatial analysis method for geochemical
anomaly separation. Journal of Geochemical
Exploration.56(3): 183-195.
https://doi.org/10.1016/S0375-6742(96)00035-0

Cheng, Q., Xia, Q., Li, W., Zhang, S., Chen, Z., Zuo,
R. and Wang, W., 2010. Density/area power-law
models for separating multi-scale anomalies of
ore and toxic elements in stream sediments in
Gejiu mineral district, Yunnan Province, China.
Biogeosciences.7(10): 3019-3025.
https://doi.org/10.5194/bg-7-3019-2010

Coates, A., Lee, H., and Ng, A. Y., 2011. An analysis
of singlelayer networks in unsupervised feature
learning. 14th International Conference on

Acrtificial Intelligence and Statistics (AISTATS)
2011, Fort Lauderdale, FL, USA

Daneshvar Saein, L., Afzal, P., Shahbazi, S. and
Sadeghi, B., 2020. Application of an improved
zonality index model integrated with multivariate
fractal analysis: epithermal gold deposits.
Geopersia,12(2): 379-394.
https://doi.org/10.22059/GEOPE.2022.339864.6
48652

Farhadi, S., Afzal, P., Boveiri Konari, M., Daneshvar
Saeini, L. and Sadeghi, B., 2022. Combination of
machine learning algorithms with concentration-
area fractal method for soil geochemical anomaly
detection in sediment-hosted Irankuh Pb-Zn
deposit, Central Iran. Minerals, 12(6): 689.
https://doi.org/10.3390/min12060689

Farhadi, S., Tatullo, S., Konari, MB. and Afzal, P.,
2024. Evaluating Stacking C and ensemble
models for enhanced lithological classification in
geological mapping. Journal of Geochemical
Exploration 260: 107-441.
https://doi.org/10.1016/j.gexplo.2024.107441

Faridi, M., Anvari, A. and Ghassemi, M.R., 2000.
Geological map of Hashtchin, scale 1:100000,
Geological Organization of the country. Sheet
Index 5664.

Grunsky, E.C. and Agterberg, F.P., 1988. Spatial and
multivariate analysis of geochemical data from
metavolcanic rocks in the Ben Nevis area,
Ontario. Mathematical Geology, 20(7): 825-861.
https://doi.org/10.1007/BF00890195

Hinton, G.E., Osindero, S. and Teh, Y.W., 2006. A
fast-learning algorithm for deep belief nets.
Neural Computation 18(7): 1527-54,
https://doi.org/10.1162/nec0.2006.18.7.1527

LeCun, Y., Bengio, Y. and Hinton, G., 2015. Deep
learning. Nature, 521: 436-444.
https://doi.org/10.1038/nature14539

Lecun, Y., Bottou, L., Bengio, Y. and Haffner, P.,
1998. Gradient-based learning applied to
document recognition. Proceedings of the
IEEE, 86(11). https://doi.org/10.1109/5.726791

Nabavi, M., 1976. An introduction to the geology of
Iran. Geological Survey of Iran, 109: 104-109.
(in Persian)

Pourgholam, M.M., Afzal, P., Adib, A., Rahbar, K.
and Gholinejad, M., 2024. Recognition of REEs
anomalies using an image Fusion fractal-wavelet
model in Tarom metallogenic zone, NW Iran.
Geochemistry, 84(2): 126093.

Journal of Economic Geology, 2024, Vol. 16, No. 3

121

DOI: 10.22067/econg.2024.1117


https://doi.org/10.22067/econg.2024.1117
https://doi.org/10.1016/0264-3707(95)00009-7
https://doi.org/10.1007/s12517-014-1366-2
https://doi.org/10.1126/science.aau0323
https://doi.org/10.1016/j.oregeorev.2006.10.002
https://doi.org/10.1016/0375-6742(94)90013-2
https://doi.org/10.1016/S0375-6742(96)00035-0
https://doi.org/10.5194/bg-7-3019-2010
https://doi.org/10.22059/GEOPE.2022.339864.648652
https://doi.org/10.22059/GEOPE.2022.339864.648652
https://doi.org/10.3390/min12060689
https://doi.org/10.1016/j.gexplo.2024.107441
https://doi.org/10.1007/BF00890195
https://doi.org/10.1162/neco.2006.18.7.1527
https://doi.org/10.1038/nature14539
https://doi.org/10.1109/5.726791

Imamalipour et al. Application of Concentration-Area fractal modeling and artificial neural network to identify ...

https://doi.org/10.1016/j.chemer.2024.126093

Qaderi, S., 2014. Survey of Remote sensing and
geochemical exploration of a region in
Kermanshah 1:100000 sheet. Master thesis,
Urmia University, Urmia, Iran. Retrieved
September 26, 2024 from
https://elmnet.ir/doc/10927102-41181

Redlich, A.N., 1993. Redundancy reduction as a
strategy for unsupervised learning. Neural
Computation, 5(2): 289-304.
https://doi.org/10.1162/nec0.1993.5.2.289

Reichstein, M., Camps Valls, G., Stevens, B., Jung,
M., Denzler, J. and Carvalhais, N., 2019. Deep
learning and process understanding for data-
driven earth system science. Nature, 77(43): 195-
204. https://doi.org/10.1038/s41586-019-0912-1

Scott, AJ. and Knott, M., 1974. A cluster analysis
method for grouping means in the analysis of
variance. Biometrics, 30(30): 507-512.
https://doi.org/10.2307/2529204

Silverman, B.W., 1986. Density Estimation for
Statistics and Data Analysis. Chapman & Hall,
London — New York, 175 pp.
https://doi.org/10.1002/bimj.4710300745

Sim, B.L., Agterberg, F.P. and Beaudry, C., 1999.
Determining the cutoff between background and
relative base metal smelter contamination levels
using multifractal methods. Computers &
Geosciences, 25(9): 1023-1041.
https://doi.org/10.1016/S0098-3004(99)00064-3

Sun, T., Chen, F., Zhong, L., Liu, W. and Wang, Y.,
2019. GIS-based mineral prospectivity mapping
using machine learning methods: a case study
from Tongling ore district, eastern China. Ore
Geology Reviews, 109: 26-49.
https://doi.org/10.1016/j.oregeorev.2019.04.003

Tukey, J.W., 1977. Some thoughts on clinical trials,
especially problems of multiplicity. Science.
198(4318): 679-684.
https://doi.org/10.1126/science.333584

Vapnik, V., 1995. The Nature of Statistical Learning
Theory. Springer-Verlag, New York. 188 pp.
http://doi.org/10.1007/978-1-4757-2440-0

Wackernagel, H., 2003. Multivariate geostatistics:
An introduction with applications. Springer
Science & Business Media, Mathematical
Geology, 388 pp. http://doi.org/10.1007/978-3-
662-05294-5

Ziaii, M., Ardejani, F.D., Ziaei, M. and Soleymani,
A.A., 2012. Neuro-fuzzy modeling based genetic
algorithms for identification of geochemical
anomalies in mining geochemistry. Applied
Geochemistry, 27(3): 663-676.
https://doi.org/10.1016/j.apgeochem.2011.12.020

Ziaii, M., Pouyan, A.A. and Ziaei M., 2009. Neuro-
fuzzy modelling in mining geochemistry:
Identification of geochemical anomalies. Journal
of Geochemical Exploration.100(1): 25-36.
https://doi.org/10.1016/j.gexplo.2008.03.004

Zuo, R., 2017. Machine learning of mineralization-
related geochemical anomalies: a review of
potential methods. Natural Resources Research,
26: 457-464. https://doi.org/10.1007/s11053-
017-9345-4

Zuo, R., Cheng, Q., Agterberg, F.P. and Xia, Q.,
2009. Application of singularity mapping
technique to identify local anomalies using
stream sediment geochemical data, a case study
from Gangdese, Tibet, western China. Journal of
Geochemical  Exploration,101(3):  225-235.
https://doi.org/10.1016/j.gexplo.2008.08.003

Zuo, R. and Wang, J., 2016. Fractal/multifractal
modeling of geochemical data. Journal of
Geochemical ~ Exploration.  164:  33-41.
https://doi.org/10.1016/j.gexplo.2015.04.010

Zuo, R., Xiong, Y., Wang, J. and Carranza, E., 2019.
Deep learning and its application in geochemical
mapping. Earth- Science Reviews, 192: 1-14.
https://doi.org/10.1016/j.earscirev.2019.02.023

Journal of Economic Geology, 2024, Vol. 16, No. 3

122

DOI: 10.22067/econg.2024.1117


https://doi.org/10.22067/econg.2024.1117
https://doi.org/10.1016/j.chemer.2024.126093
https://elmnet.ir/doc/10927102-41181
https://doi.org/10.1162/neco.1993.5.2.289
https://doi.org/10.1038/s41586-019-0912-1
https://doi.org/10.2307/2529204
https://doi.org/10.1002/bimj.4710300745
https://doi.org/10.1016/S0098-3004(99)00064-3
https://doi.org/10.1016/j.oregeorev.2019.04.003
https://doi.org/10.1126/science.333584
http://doi.org/10.1007/978-1-4757-2440-0
http://doi.org/10.1007/978-3-662-05294-5
http://doi.org/10.1007/978-3-662-05294-5
https://doi.org/10.1016/j.apgeochem.2011.12.020
https://doi.org/10.1016/j.gexplo.2008.03.004
https://doi.org/10.1007/s11053-017-9345-4
https://doi.org/10.1007/s11053-017-9345-4
https://doi.org/10.1016/j.gexplo.2008.08.003
https://doi.org/10.1016/j.earscirev.2019.02.023

