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Use of neural networks in the geochemical data interpretation
Anwendung neuronaler Netzwerke zur Interpretation geochemischer Daten
Uporaba nevronskih mre? za interpretacijo geokemic¢nih podatkov
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Abstract

Aim of the study is to represent some interpretation methods in geochemistry using an artificial neural networks technology.
Four simple case studies are presented. The first case is the modelling of the Zn concentration in the attic dust in the Celje
(Slovenia) area applying a multilayer perceptron with a back propagation learning algorithm. The second case study includes
a classification problem. By means of a neural network, a classification of different sampling media (such as attic dust, soil,
and alluvial sediments) will be made according to their chemical composition. The third case studies a clustering problem
where the geochemical classification of chemical elements in Mezica (Slovenia) has been performed. In the last case study,
the modelling of a trace element contamination in soil samples taken at Kavadarci (Macedonia) by the multilayer perceptrons
method has been compared with the kriging interpolation method.

Zusammenfassung

Der Aufsatz behandelt vier Fallstudien fiir die Anwendung kiinstlicher neuronaler Netzwerke zur Interpretation geoche-
mischer Daten. Im ersten Fall wird eine relativ einfache riumliche Interpolation zur Erklirung des Zn-Gehaltes in der
Nachbarschaft der aufldssigen Zinkhiitte in Celje (Abb. 1) diskutiert. Die Interpolation erfolgte auf der Basis eines Multilayer-
Perzeptrons, das iiber eine Recall-Lernphase an 118 Probenahmeorten fiir den Hiittenstaub ,geeicht* wurde. Das Ergebnis
wurde mit der herkdmmlichen Methode zur Konstruktion geochemischer Karten, dem Kriging, verglichen (Abb. 2). Auf
den mittels neuronaler Netze konstruierten Karten ist erkennbar, dass die topographische Hohe einen entscheidenden
Einfluss auf die Prognose des Zinkgehaltes hat. Das entspricht Beobachtungen, nach denen die Konzentrationen tiber der
Zone der Temperaturinversion mit der Hohe extrem abnehmen. Dieses Problem kann mit Hilfe von Krigingverfahren
nicht bearbeitet werden. Ein weiteres Phinomen, das aus den mit neuronalen Netzwerken erzeugten Karten erkennbar,
aber durch Kriging-Interpolation nur schwer zu simulieren ist, besteht in der Beriicksichtigung des vorherrschenden West-
windes. Einen Nachteil neuronaler Netzwerke stellt das Auftreten eines Rauschens in den fertigen Karten dar, welches
moglicherweise nicht durch die geschilderten Phinomene bedingt ist.

Im zweiten Beispiel wird eine Klassifizierung untersucht. Verschiedene natiirliche Kompartments des Celje-Gebietes
(Abb. 1) wie Boden, alluviale Sedimente und Hiittenstaub wurden auf der Grundlage der in ihnen enthaltenen Spurenele-
mente mit Hilfe neuronaler Netzwerke klassifiziert. Die Lernphase des Netzwerkes (Abb. 3) basierte auf 121 Proben Hiitten-
staub, 129 Boden- und 95 Sedimentproben. Ferner wurden der Lernmatrix 180 Muster mit Zufallswerten beigefiigt. Die
Typen der Probenahmemedien wurden durch die drei output-Neuronen reprisentiert. Die Ergebnisse hingegen sind mit
Hilfe von 37 Mustern bewertet worden, die nicht in die Lernmatrix eingefiigt worden waren. Das Netzwerk reflektiert die
37 Muster korrekt. Damit wurde belegt, dass das Netzwerk in der Lage ist, Muster mit zufilligen Werten zu erkennen.
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Als drittes Beispiel wird die Bestimmung geochemischer Gruppen mittels selbst-organisierender Karten (SOM) behandelt.
Dazu wurden die Daten einer geochemischen Probenahmekampagne fiir Boden und Hiittenstaub in MeZica (Abb. 1) ver-
wendet. Es sollte ermittelt werden, welche Spurenelemente in der Umwelt Folge berg- und hiittenminnischer Aktivititen in
der Vergangenheit, eisenverarbeitender Titigkeit und schliefflich des natiirlichen Untergrundes sind, also des Einflusses
karbonatischer sowie von Eruptiv- und metamorphen Gesteinen. Die geochemischen Assoziationen lassen sich aus der
Matrix des output-Netzes ablesen (Abb. 4), in dem verwandtere Elemente eine dhnlichere Verteilung gegeniiber Elementen,
die weiter voneinander entfernt sind, aufweisen (Abb. 5). Damit wurden fiinf chemische Assoziationen identifiziert: eine
Assoziation der anthropogenen Kontamination, eine solche der Karbonatgesteine, eine Gruppe spurenelementfiihrender
Minerale, eine Assoziation felsischer Eruptiv- und metamorpher Gesteine sowie die Gruppe der Kationen.

Im letzten Fall sind die geochemischen Karten des Gebietes von Kavadarci in Makedonien (Abb. 1) modelliert worden.
Er dhnelt der ersten Fallstudie, aber er unterscheidet sich auch von ihr. Eine geochemische Assoziation der Elemente As, Sb
und Tl wurde in den alluvialen Sedimenten der Fliisse Crna und Vardar gefunden. Sie ist Ergebnis der Erosion des anstehen-
den Gesteins wie auch bergbaulicher Aktivititen in der Vergangenheit. Mittels Kriging lisst sich nur eine sehr ungeniigende
Interpretation konstruieren, in der extrem hohe Gehaltswerte ,Bullaugeneffekte® erzeugen. Hohe Werte besonderer Spu-
renelemente als Folge natiirlicher Prozesse konnten nicht gefunden werden. In die neuronalen Netzwerke wurden folgende
Parameter einbezogen: geographische Lage und topographische Hohe, geologische Situation, Flichennutzung und Hang-
neigung. Gegeniiber dem Kriging ergaben die neuronalen Netzwerke eine deutlich bessere Verallgemeinerung (Abb. 6 bis 8).

Povzetek

V prispevku smo avtorji poskusili na kratko predstaviti 4 primere uporabe nevronskih mreZ pri obdelavi geokemicnih
podatkov. Prvi primer je precej enostavna prostorska interpolacija na primeru vsebnosti cinka v okolici opuséenih topilnic
cinka v Celju (slika 1). Interpolacija je bila narejena na podlagi vecslojnega perceptrona, kateri je bil naucen po metodi
vzvratnega ucenja na 118 vzorénih tockah podstresnega prahu. Narejena je tudi primerjava z obicajno uporabljeno metodo
za izris kart - krigiranjem (slika 2). Pri karti, narejeni z nevronsko mreZo vidimo, da ima nadmorska visina velik vpliv na
napovedano vsebnost cinka, kar ustreza z opazovanji, saj vsebnosti cinka na vidini, ki je visja, kot je obi¢ajna visina
temperaturnega obrata, znatno padejo S krigiranjem tega pojava ni mo¢ zajeti. Drug viden pojav, ki se je odrazil pri izrisu
karte z uporabo nevronskih mreZ, in ga je zelo tezko pravilno simulirati s krigiranjem, pa je Vphv prevladu)oclh zahodnih
vetrov. Slaba stran uporabe nevronskih mreZ pa je pojav Suma pri koncni karti, ki najverjetneje ni povezan s pojavom.

Drugi primer je primer razvrscanja, kjer smo z nevronsko mreZo razvr§cali vzoréne materiale Celjskega obmo¢ja
(slika 1), in sicer tla, aluvialni sediment ter podstresni prah, na podlagi vsebnosti prvin v njih. MreZo (slika 3) smo naucili na
podlagi 121 analiz podstresnih prahov, 129 analiz tal ter 95 analiz aluvialnih sedimentov. Dodatno smo v u¢no matriko
vkljucili e 180 primerov naklju¢nih vrednosti. Tip materiala so predstavljali trije izhodni nevroni, rezultate pa smo
kontrolirali s 37 primeri, ki niso bili vkljuceni v u¢no matriko. Nevronska mreza je pravilno razporedila vseh 37 primerov.
Sposobna je bila zaznati tudi primere z nakljuénimi vrednostmi.

Tretji primer je primer dolocevanje geokemic¢nih zdruzb z uporabo samoorganizacijskih mreZ. Pri tem smo uporabili
podatke iz geokemic¢nega vzordenja tal in podstre§nega prahu na obmodcju Mezice (slika 1). Poizkusali smo ugotoviti, kateri
elementi v okolju so posledica delovanja rudnika in topilnice, kateri elementi so posledica delovanja Zelezarne, in katere so
naravne zdruzbe elementov (vpliv karbonatnih, magmatskih in metamorfnih kamenin). Geokemi¢ne zdruzbe smo prebrali
iz popolnoma naucene matrike izhodnih nevronov (slika 4), pri ¢emer imajo bliZnji elementi bolj podobno razporeditev,
kot elementi, ki so dlje narazen (slika 5). Na taksen nac¢in smo dolo¢ili 5 geokemic¢nih zdruzb, in sicer zdruzbo onesnaZenja,
zdruzbo karbonatnih elementov, zdruzbo elementov tezkih mineralov, zdruzbo elementov kislih magmatskih in meta-
morfnih kamnin ter zdruZbo kationov, ki tvorijo topne minerale.

Zadnji primer pa je izris geokemicnih kart na primeru Kavadarcev v Makedoniji (slika 1). Primer je sicer podoben
prvemu primeru, kljub vsemu pa se zelo razlikuje. Ugotovljena geokemicna zdruzba As-Sb-T1 je zastopana v aluvialnih
sedimentih reke Crne in Vardar, kar je posledica erozije mati¢nih kamnin in delovanja Sb-As rudnika Alsar juzno od
obravnavanega obmo¢ja. Uporaba krigiranja je povzrocila povsem neprimerno interpretacijo, saj so opazni ucinki ekstremnih
vrednosti, ki se odrazijo v t.i. »bikovih o¢eh«. Povisane vsebnosti elementov zaradi naravnih procesov ni vidna. Pri uporabi
nevronskih mrez smo upostevali poloZaj in nadmorsko visino, geologijo, rabo tal ter naklon pobo¢ja. Rezultati, dobljeni
z nevronskimi mrezami so podali bistveno boljso generalizacijo, kot krigiranje (slike 6, 7 in 8).

ArnicTpakT

Bo Tpymor aBTOpHTE ce OOMAyBaaT Ha KpaTKO Ja IMpeTcTaBaT 4 MpUMEpH Ha NMPUMEHA HAa HEBPOHCKUTE MPEXHU IIPH
06paboTKa Ha Te0XEMHUCKU ogaTou. [IpBHOT IpUMep € IPUINYHO eJHOCTABHA IPOCTOPHA MHTEPIIOJIAIMja HA IPHMEPOT
Ha COOpPKMHATA Ha [UHK BO OKOJIMHATA HA HANYLITEHATA TONWIHUIA Ha UMHK Bo Lleme (ciuka 1). MHrepnonauuja e
HampaBeHa BP3 OCHOBA Ha MOBEKEeCIOCH MEePIENTPOH, KOj € HayueH 110 METOJOT Ha MOBPATHO yuerbe Ha 118 Touku ox Kou
ce 3eMEHHU MPUMEPOITH OJ TOTKPOBHA MparlriHa. VcTo Taka, MpUMEHET € ¥ BOOOMYAaeHUTE METOI 3a IPUIIpeMa Ha KapTH —
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co Kpuruparbe (cnuka 2). Ha kapTure MOArOTBEHN CO HEBPOHCKUTE MPEKH, MOXKE 4 C€ BUJIM JI€Ka HaJMOPCKA BUCOYMHA
MMa TOJIeMO BIIMjaHWE BP3 MPEIBUACHUTE CONPIKIHN Ha IIWHK, IIITO OATOBapa CO HajIEHOTO, IeKa COTPKUHATA HA IUHKOT
Ha MOBUCOKUTE HOBOA, Kajie BpeAHOCTA Ha TeMIlepaTypaTa e 00paTHa, 3HAYUTEIHO ce HamalnyBaaT. CO KPUTHPAHETO OBO)
dbeHOMeH He MOXKe Oa Ommatr 3abexexkaH. [[pyra BUIIUBA [0jaBa KOja MMa BIMjaHHe IPH M3pabOTKATa HA KapTHTE CO
KOPUCTEIbe Ha HEBPOHCKUTE MPEXKH, U € MHOTY TELIKO TOA NMPABUIIHO Ja Ce CHMYJIHMpa CO KPUTHpArbe, € BIMjaHHeTO Ha
IOMUHAHTHUTE 3allaTHU BeTpoBH. Cllada cTpaHa Ha HEBPOHCKUTE MpPEXU € [I0jaBaTa Ha IIyM Ha (pHHAIHUTE KapTH, Koja
HajBEPOjaTHO HE € II0BP3aHa CO HEKOj (heHOMEH.

Ilpyr mpuMep e TIPUMEPOT Ha KiacuduKaumja, Kaae cO HEBPOHCKM MPEXW € W3BPIIeHA KiacudUKanuja Ha MaTepH-
jaluTe Of 3eMeHUTe IpuMepory o obiacTa Ha Lleibe (camka 1), KaKO LITO € MOYBA, AllyBUjajleH CEIUMEHT U IOTKPOBHA
[pAIlKHA, BP3 OCHOBA HA COIPXKMHATA Ha eJleMEHTHUTE BO HUB. Mpexkara (ciuka 3) e HaydeHa BP3 OCHOBA HA aHAIM3a HA
121 mpuMepox oJ MOTKPOBHA MpalluHa, 129 mpuMepoIy o4YBa U 95 MPUMePOLH Of aTyBUjallHU CeIUMEHTH. I1okpaj Toa,
BO MaTpHuIaTa ce BKIyueHN W 180 ciydyajHH BpeIHOCTH. BHIOT Ha MaTEepHjallOT € MPETCTABeH CO TPU H3JIE3HU HEBPOHH,
pe3yJNITATUTE Ce MPOBEPEHM CO 37 MpUMEpPH KOM HE Ce BKIyYeHM BO MaTpuiiata. HeBpoHCKaTa Mpexka MpPaBHJIHO T'H
pacmpeenu cute 37 mpumMepu. Berre BO MOKHOCT [a T IETEKTHPA M IPUMEPHUTE CO CIIYIAJHATE BPEITHOCTH.

TpeTHOT IpUMep € IpUMEpP Ha YTBPAyBarbe Ha TEOXUMUCKY IPYIHU CO IIPUMEHA Ha CaMOOPTaHU3UpaHu Mpeku. [Ipu Toa
ce yImoTpeOeHH MOJATOIIUTE O] TEOXUMUCKUTE IPUMEPOIIM Ha MTOYBH M IMTOTKPOBHA IIpallliHa BO OKOJWHATa Ha Mexkuiie
(cimka 1). HampaBeH e 0011 1a ce YTBPIM KOU eJIeMEHTH IPICYTHH BO KMBOTHATA CPEIMHA CE KAKO Pe3yJITar Ha padorara
Ha PYJHUKOT U TONMMJIHUIIATA, KOW €JIEMEHTH Ce Pe3yJITaT Ha padoTaTa Ha KeJe3apHUIaTa, a KOU Ce IPUPOIHU I'PYIU Ha
eseMeHTH (BIMjaHME HA KAPOOHATHUTE, MATMATCKUTE M METaMOPQHHUTE KapIu). [€OXMMUCKUTE TPYIIU Ce OLPENEHHU CO
[OIOJHYBak€ Ha HAyYeHATa MATPHULA HA M3JIE3HAUTE HEBPOHHU (CIIUKA 4), TIPU IITO CIUYHUTE €JIEMEHTH UMAAT II0COOIBETHA
pacrpeienoa of eleMEHTUTE KOU ce opasnuynu (cauka 5). Ha 0Boj HauuH ce uaeHTHOUKYBAHY [IE€T TEOXMMUCKHU TPYIIH,
AHTPOTIOTEHA TPyIla, TPya Ha KapOOHATHU €JIeMEHTH, I'PyIla Ha eJeMEHTH Ha TEIIKW MUHEpAJH, Ipyla Ha eleMeHTH Ha
KHCEJIUTEe MarMaTCKu 1 MeTaMOP(HHU KapIy U IpyIia KaTjOHH KOU (pOPMHUpPAAT PACTBOPIUBI MUHEPATH.

ITocemHUOT IpUMep ce OJHECYBa Ha H3TOTBYBamb-¢ Ha FEOXMMUCKY KapTH Ha IpuMepoT Ha KaBagapiu Bo MakenoHnja
(cuka 1). OBOj IpUMeEp € MHOT'Y CIIMYEH Ha IPBUOT CIIyYaj, HO CeNak, ce YMHU JeKa 3HAYMTEIHO ce PasinuKyBa. [eoxumuc-
kara acounjanuja As-Sb-T1 e 3acramnena Bo anysujanuure cequmentu Ha pekure Llpua Peka u Bapuap u e Kako pesyarart
Ha epo3uja Ha MATHMYHUTE Kapnu U padorara Ha Sb-As pymHMKOT AJap Koj ce Haola jy»KHO Of MCIIUTYyBaHATa OGJIACT.
IIpuMeHaTa Ha KPUTHPACEETO JaBa COCEMa HECOOIBETHA MHTEPIPETALINja, OUAEJKH ce 3a0eleKaHu eeKTH Ha eKCTPEMHH
BPEIHOCTHU, KOU ce pedIIeKTUPAaT BO T.H. “OMKOBM O4YM”. 3TOJIEMEHHUTE BPEIHOCTH Ha COAPKUHUTE HA €JIEMEHTH KaKoO
pe3ynTaT Ha TMPUPOJHUTE Mpolecu He ce BuanuBu. Co MpUMeHa Ha HEBPOHCKUTE MPEKH, YCOTJACeHU Ce MOoJIoXkKOaTa
7 HaIMOPCKATA BHCOYMHA, TEOJOrHMjaTa, ynTpeOara Ha 3eMjUIITETO W arojoT Ha HAKIOHOT. Pesymrature moOWeHH
CO HEBPOHCKHUTE MpPEXHW [HaBaaT 3HAYMTENHO MHOTY ITOZ06pa reHepajm3anuja OTKOJIKY OHHME JOOMEHH CO KPUTHPAEHE
(cuxwm 6, 7 u 8).

1. Introduction looked upon in the literature as competing model-

building techniques (PALIWAL & KUMAR, 2009). The

This paper presents a definitive description of a neural
network methodology applied to the geochemical data
interpretation, and it provides an evaluation of its
advantages and disadvantages compared with statistical
procedures. The method is based on the principles of
biological nervous systems where a basic unit is the
neuron containing inputs with weights, activation
function and outputs. These models emulate the
neurophysical structure and decision making of the
human brain mathematically. From a statistical point
of view, they are closely related to generalized linear
models. Artificial neural networks (ANNs), however,
are nonlinear and they use a different estimation pro-
cedure (feed forward and back propagation) compared
with traditional statistical models (WEST, BROCKETT
& GOLDEN, 1997). Neural networks can be applied
for prediction and classification - fields where statis-
tical methods have been used traditionally. Both the
traditional statistical methods and neural networks are
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main difficulty of any pattern recognition system is
the great amount of fuzzy and incomplete information
to be dealt with. Moreover, the classification problem
does not allow an exact solution, so statistical and
artificial neural network techniques must be used in
order to obtain results that offer an optimum degree
of reliability (HERVAS-MARTINEZ et al., 1993).
Additionally, neural network models do not require
some restrictive assumptions about relationships bet-
ween independent and dependent variables, as statis-
tical methods do normally. Researchers from many
scientific disciplines are designing artificial neural net-
works to solve a variety of problems in pattern recog-
nition, prediction, optimization, associative memory,
and control (DU & SWAMY, 2006). Consequently,
these models have already been applied very success-
fully in many diverse disciplines, including biology,
psychology, statistics, mathematics, business, insu-
rance, and computer science (RAZI & ATHAPPILLY,
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2005). In this study, some interesting applications will
be provided where neural networks have been used for
geochemical data applications and where they exhibit
superior performance in comparison to the classical
statistical methods.

The success of the method can be laid down due to
the following reasons: a) they can model extremely
complex systems and they can be used to model non-
linear natural systems (linearity in the sense of mathe-
matical properties of additivity and homogeneity) due
to their nature; we always have to make approxima-
tions and simplifications if using linear algebra (i. e.
most of multivariate statistics) to describe non-linear
systems; b) there are no limitations with the dimen-
sionality of the problem; it can be arbitrary, depending
on the CPU speed and memory; ¢) due to well devel-
oped learning algorithms, they are easy to apply
(HAYKIN, 1999; KOHONEN, 2001). Another important
issue of neural networks is their learning process.
There are two main paradigms: supervised and unsu-
pervised ones. In both cases its task is to adjust the
weights and biases in every neuron and link of the
network so that the network is capable of performing
a specific task. In the case of a supervised algorithm,
this is done in the way that the data input corresponds
best to the appropriate outputs. The “back propaga-
tion algorithm” is frequently used. It has been applied
for functional approximation problems or classifica-
tion problems if we possess a dataset with known
input-output pairs. The second basic learning process
is called unsupervised learning, where neurons “com-
pete” with each other and it is commonly called the
competitive learning algorithm. This algorithm is
mainly used in self organizing maps for clustering
problems. In this type of learning, we do not need
input-output data pairs in the dataset and the classi-
fication is made only according to known inputs (JAIN,
MAO & MOHIUDDIN, 1996).

The present paper analyses the methodology used
to compare some of these techniques. Our data are
related to chemical analysis of different geochemical
sampling media in order to determine the existence
of possible contaminations nearby the assumed source
of pollution such as metal smelter plants, ironworks
and mines.

2. Materials, methods and results

2.1. Function approximation

As neural networks are universal approximators (they
can approximate any function with arbitrary accuracy
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if there is enough available data and enough topologic
complexity of neural network) they can be used for
environmental modeling or for interpolation proce-
dures. This case study will show and compare as an
example the results of the interpolation of the Zn
concentration around a former Zn smelter plant using
neural networks and the digital elevation model with
25 m space resolution.

The town of Celje is the third largest city in
Slovenia with 55,000 inhabitants (Fig. 1). The industry
is concentrated in the eastern part of the town where
chemical and metal industries (Zn smelter plant - Cin-
karna) prevail. A further important industrial settle-
ment is Store in the eastern part of the area (Ironworks
Store). Particular studies concerning soil and atmo-
spheric contamination with trace elements have been
published recently (SAJN, 2005; ZIBRET, 2008; ZIBRET
& SAJN, 2008a; 2008b; ZIBRET & ROKAVEC, 2010).
Ironworking and smelting activities as well as the
urbanization of Celje left significant impacts on the
environment. The maximum measured values of Cd
(240 ppm) and Pb (3200 ppm) have been found in attic
dust. The average content of Cd (7.5 ppm) in topsoil
is even 15 times higher than the general Slovenian
average.

We look at the Zn concentration in attic dust in
Celje as a function of the spatial position of the sample
(~ and y coordinates) and elevation. This is a very sim-
ple and naive approximation but it will suit for the
purpose of this demonstration. The “spatial position”
has been expressed as a relative position of the sample
according to the position of the mayor pollutant in
Celje - the past Cinkarna Celje smelting furnaces.
This can be expressed by the following equation:

C(Zn) = A (dx; dy; 3)

where dx = xXgamples @ = Jsample> 3 = the elevation and
C(Zn) = the Zn concentration in attic dust.

Two data matrices have been prepared. The lear-
ning data matrix (Fig. 2a) contains the values of dx,
dy, zand C (Zn) from 118 sampling points in the Celje
area (®IBRET, 2002; SAJN, 2005; ZIBRET & SAJN,
2008b). All variables have been rescaled linearly to the
interval [0; 1]. The second matrix, a recall matrix, is a
modified digital elevation model for the Celje area
(Fig. 2¢) where the variables dx, 4y and 3 have been
introduced with 25 m of resolution in both, x and j,
directions with the same rescaling as in the learning
matrix. The topology of the used neural network
(Fig. 2) is: three input neurons, representing dx, dy and
2, a first layer with 30 hidden neurons, a second layer
with 10 hidden neurons and output, representing
C(Zn). The network is fully connected and sigmoidal
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Fig. 1: Location of study areas
Abb. 1: Untersuchungsgebiete
Slika 1: Lokacije obravnavanih obmocij

Cawuka 1: Jlokaunu Ha HCIUTYBAHHUTE OOIACTH

activation functions have been used. The learning
phase has been realized on the basis of a supervised
back propagation learning algorithm with gradual
decreasing of learning speed. The recall phase has been
made on the fully trained neural network. The
obtained results are shown in Fig. 2d.
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Comparing the interpolation results obtained from
neural network and kriging method we see that the
neural network interpolation yields better results,
despite it has been made only on the basis of three
spatial variables (dx, 4y and 5). Three results are visible
which are better compared with the kriging method.
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LEARNING PHASE

RECALL PHASE

Fig. 2: Procedure of function approximation - Zn in Celje attic dust case study

A - visualization of learning data (Zn concentration); B - spatial distribution of Zn concentration, kriging interpolation
method used (25 m spatial resolution); C - recall matrix (DEM of the Celje basin, 25 m spatial resolution); D - visualization
of the neural network interpolation results.

Abb. 2: Funktionsanpassung - Zn in der Fallstudie Hiittenstaub Celje

A: Visualisierung der Lernphase (Zn-Konzentration). B:Rdumliche Verteilung von Zn nach Kriging (riumliche Auflsung
25 m). C: Examensmatrix (DEM des Celje-Bassins, riumliche Aufldsung 25 m). D: Visualisierung der Interpolations-
ergebnisse nach neuralem Netzwerk.

Slika 2: Proces funkcijske aproksimacije (vsebnost Zn v podstresnem prahu na obmodju Celja)

A - vizualizacija u¢nih podatkov (vsebnost Zn); B - prostorska porazdelitev Zn, dolocena s krigiranjem (25 m lo¢ljivost); C
- vizualizacija vhodnih podatkov za model (DMR celjskega obmodja, 25 m lo¢ljivost); D - vizualizacija interpoliranih
vsebnosti izrac¢unanih z nevronskimi mreZami

Cnuka 2: ITocranka 3a (pyHKIMOHATHA allpOKCHMaIuja, Zn BO HOTKPOBHA MpallinHa of cTyaujaTa 3a Ilemse

A - Bu3yanm3anuja Ha OJATOLUTE 34 yuere (KOHUEHTpaujaTa Ha Zn); B — mpocTopHa aucTpulylyja Ha KOHIEHTPALIUHUTE
Ha Zn, npuMeHera e kriging MeTosa Ha uHTepmonanuja (25 m mpocTopHa pesonynuja); C - IOBHKYBauKa MaTpULA
(Momudunupan DEM Ha Gacenor Ha lesmbe, 25 m npocropHa pe3odyuuja); D — Busyanmsanuja Ha WHTEPIIONALU]aTA HA
PE3YITATHTE CO HEBPOHCKATA MpEXKa

(1) The topographical elevation has a significant influ-  spreading of the past pollution above the fog. (2) The
ence on the interpolated Zn concentration. This is  dominant wind direction from W to E has been
very reasonable, as the temperature inversion is a very  correctly suggested by neural network. (3) The neural
common phenomenon for this area. It prevents a  network predicts certain elevation with increased Zn
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Fig. 3: The topology of neural network, used for classification of geochemical sampling materials in Celje area

(attic dust case)

Abb. 3: Topologie des neuronalen Netzwerks fiir die Klassifizierung geochemischer Proben im Gebiet Celje

(Fallstudie Hiittenstaub)

Slika 3: Topologija nevronske mreZe, uporabljena za klasifikacijo geokemi¢nih vzorénih sredstev na celjskem

obmodju. Prikazan je primer za podstresbni prah

Cnuka 3: TomoJiornja Ha HEBPOHCKATa Mpexka IIPUMEHeTa 3a KiIacUdbUKaIUja Ha TeOXEMUCKATE IIPUMEPOIH
OJl MCITUTYBaHUTE MaTepujain Bo peruoHOT Ha Ilespe. IIpukakaH e ciIy4ajoT cO MOTKPOBHATA MIPAIIITHA

concentrations, well corresponding to the height of
the winter temperature inversion, particularly visible
hillsides S from Celje, which are facing towards the
location of past Zn smelters. However, two predic-
tions are visible that are not easily to explain -low
concentrations in the Voglajna River valley (SE part)
not corresponding to the actual data and a noise in the
mostly polluted areas which can be caused by noise in
the original learning dataset.

2.2. Classification

The classification problem will be addressed by the
classification of different geological materials on the
basis of their chemical composition. Attic dust, topsoil
and alluvial sediment from different contaminated and
unpolluted areas have been chosen as examples. The
learning matrix was built up by chemical analyses of
26 different elements and of three index parameters
which indicates the type of the material. If there is an
analysis of attic dust (121 samples), the value of the
first index is 1 and the other two indexes are 0. If there
is the analysis of topsoil (129 samples), the second
index value was set to 1 and first and third indexes are
set to 0. The analogy is also given for the alluvial
sediments (95 samples). Additionally 180 patterns with
random values have been inserted to improve the
performance of neural network. All three index
parameters were set to O for the random value cases.
All variables have been normalized to the interval [0;
1.

Z. geol. Wiss. 40 (4-5) 2012

The topology of neural network is as follows (Fig. 3):
there are 26 input neurons, representing the concen-
tration of 26 chemical elements. The hidden layer
contains 14 neurons with sigmoidal activation func-
tion. The output layer is composed of 3 neurons,
representing attic dust, soil and alluvial sediments.
Dark tones represent a high neuron activation (posi-
tive weight), bright tones - a low activation (links
weighting close to 0 and negative weight). The neural
network has been trained with approximately 200
learning cycles (back propagation) with a high learning
rate. The performance of the neural network has been
evaluated based on 37 patterns which were not inclu-
ded in the learning set. The evaluation set contains 9
analyses of attic dust, 7 analyses of topsoil, 8 analysis
of alluvial sediment and 3 patterns with random
values. The result shows that the completely trained
neural network is capable to determine the type of
material on the basis of the concentration of 26
elements with 100% accuracy. Such performance could
be very useful for the automation of many industrial
applications, where a production process depends on
the composition of raw materials.

2.3. Clustering

The clustering of geochemical data using neural net-
works is realized by two stages. First stage is the reduc-
tion of the dimension using self organizing maps
(SOM) which reduce a dimension of an input data set
usually to two dimensions. At this process, a topolo-
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Fig. 4: Neural network (self organizing map), used for clustering case study - MeZica area

Abb. 4: Neuronales Netzwerk (selbstorganisierende Karte) fiir die Cluster-Fallstudie - Gebiet MeZica
Slika 4: Samoorganizacijska mreZa, ki je bila uporabljena za potrebe zdruZevanja (clustering) - Mezisko obmocdje
Cauka 4: HeBpoHcKa Mpeska (caMoOpraHmu3mpayka Mara), ynoTpeGeHa 3a rpynuparbe Ha IpeIMeTHATa CTyAuja

— peruoHOT Ha MexXuIie

gical property of the input space is preserved. An
unsupervised learning algorithm is used to train such
neural networks. A SOM is composed of two layers -
an input layer and an output lattice of neurons. Out-
put neurons “compete for the domination” on the
basis of neighborhood function and “winner takes it
all” concept. The final result is that patterns with
similar properties generate similar neural activation
patterns in the output lattice. Second stage is the clus-
tering of output neurons (and consecutively clustering
of elements) by the k-means clustering algorithm.
This case study presents the clustering of elements
in the Mezica area (Fig. 1) where four groups of ele-
ments are expected: a carbonate group, an ironwor-
king group, the Pb-Zn mining and smelting group and
a group of elements representing metamorphic rocks
(SAJN, 2006). The input dataset consists of chemical
analyses of soils and attic dust sampled at 106 locations

260

(212 samples). 37 elements have been analyzed. All
variables have been linearly remapped to the interval
[-1, +1]. The topology of the neural network is pre-
sented in Fig. 4. Input neurons (upper boxes) are
directly linked to the output lattice (bottom-down 10
* 10 squares of output neurons). The Pb array of the
data is presented as an example with the indication of
best matching unit inside output grid. A bright tone
of neurons indicates low activation and dark colors
indicate high neuron activation. The locations of input
neurons roughly correspond to the position of the
sample represented by particular input neuron but
does influence to the performance of SOM. Group (a)
corresponds to the attic dust samples and group (b) to
the soil samples. The first group approximately shows
the position of ironworks, the second group the aban-
doned Pb-Zn-Mo mine and the third group the aban-
doned Pb-Zn smelter.
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Fig. 5: Results of determination of
geochemical associations using SOM
and k-means clustering - MeZica
area

Abb. 5: Geochemische Assoziatio-
nen nach SOM und Clusterung nach
k-Mittelwerten — Gebiet MeZica
Slika 5: Rezultati dolocanja geoke-
micnih zdruZb z uporabo samoor-
ganizacijskih mreZ in k-means algo-
ritma - Mezisko obmodje

Ciuka 5: Pesynratu of, orpemeiy-
BAKHETO HA TEOXEMUCKUTE ACOIH-
jaruu co npuMeHa Ha SOM u rpy-
nupame co k-3Hauerme — PErMoH Ha
Mexwune

o X9 X+ @ e

3 % X% X X % X @

<©
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212 input neurons represent the result of chemical
analyses of all 212 samples. The learning set contains
37 patterns (each pattern for every element). The out-
put lattice consists of 100 output neurons. The Eucli-
dean distance measure was used to calculate neural
activations. The learning process has been performed
on the basis of a competitive learning algorithm. The
starting adaptation radius was set to 10 neurons, the
final adaptation radius to 1 neuron. The starting lear-
ning rate was set to 0.7%, the final learning rate to
0.1% of initial one. There were 10,000 repetitions per
learning cycle. The Mexican hat function (second deri-
vate of Gaussian function) was used as neighborhood
function.

To draw boundaries between groups of elements,
output neuron activations further have been processed
with the k-means clustering algorithm. Five clusters
have been extracted. The results are shown in Fig. 5
where different symbols indicate different group of
elements in the output lattice of SOM. Positions of
best matching units for every element are indicated
above the symbol. The size of the symbol corresponds
to the distance to the k-means cluster centre (larger is
the symbol; shorter is the distance to the group
centre).
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A first group, representing anthropogenic pollution,
consists of As, Sr, Pb, Zn, Cd, Sb, Cu, Ag, Sn, Hg, Cr,
Mo, Ni, W, Fe, Zr, Y, Ti and Li. The second group of
elements links Ca, Mg and S and represents the car-
bonatic part of the research area (the smelter plant
was located at the area with mainly carbonatic geo-
logical settings). A third group of elements con-
tains U, Nb, Ba, V, Co, and Mn, and it represents
elements with intermediate ionic potential thus
forming hardly soluble minerals. The fourth group of
elements is built up by the easily soluble elements Sc,
Na and K and thus it has a lower abundance in attic
dust. The fifth group of elements consists of Ce, La,
Rb, Th and Al and represents elements of metamor-
phic origin.

The obtained results confirm the expectations.
Anthropogenically induced elements to the environ-
ment are grouped together and elements representing
natural associations are separated in four different
groups. Among anthropogenically induced elements,
two subgroups can be recognized. The first subgroup
consists of Pb, Zn, Cd, Sb and As, which is a con-
sequence of the Pb-Zn mining and smelting processes,
and the second group includes Cr, Mo, Ni and W,
which is a consequence of former ironworks.
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Fig. 6: Soil sampling grid of Kavadarci area (left), distribution sites for the modeling of spatial distribution of

geochemical group of As-Sb-T1 (right)

Abb. 6: Probenahmeschema des Gebietes Kavadarci (links), Anordnung der Teilflichen fiir die Modellierung

der raumlichen Verteilung der Gruppe As-Sb-T1 (rechts)

Slika 6: Vzor¢na mreZa tal na obmod¢ju Kavadarcev (levo) in razporeditev tock za modeliranje prostorske

razporeditve geokemicne skupine As-Sb-T1 (desno)

Ciuka 6: Mpesxa 3a 3eMame nMpo6u Bo obmacra Ha Kaajgapiu (J1eBo) U pacmpejesioa Ha TOYKHTE 3a MOJE-
JMparbe Ha TPOCTOPHATA pacmpeenta Ha reoxemuckara rpymna As-Sb-T1 (mecro)

2.4. Multilayer perceptrons

The advantage of the application of ANN vs. kriging
method is explained in the test region Kavadarci,
Republic of Macedonia. This case study is similar to
the Celje case study. As in Celje, main factors for
spreading the pollution around smelter are the topo-
graphy and the dominant wind direction (attic dust is
a very stable geochemical medium). But the situation
in Kavadarci is much more complicated and the input
data includes more noise than in Celje because in this
case study, soil samples have been collected.

The town Kavadarci is located in the Tikves valley,
about 100 km south from the capital Skopje (Fig. 1).
The region is known for its ferronickel industrial acti-
vity in the nearest past but it is also the main vine
producing region in Macedonia. There were several
investigations of the atmosphere, subsoil, vegetables
and {ruits produced in this region, mainly concerning
a contamination by trace elements (BOEV, ZIVANO-
VIC & LIPITKOVA, 2005; BARANDOVSKI, CEKOVA,
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FRONTASYEVA et al., 2006; BARANDOVSKI, CEKOVA,
FRONTASYEVA et al., 2008; STAFILOV, SAJN, BOEV et
al., 2008; STAFILOV, SAJN, BOEV et al., 2010). Very
high concentrations of As, Sb and TI have been detec-
ted in the Holocene alluvium of the Crna Reka river.
The enrichment of polluting elements in the Holocene
alluvium of the Crna Reka river is suppose to be as a
consequence of natural erosion from the Al$ar mine
deposits (As-Sb-T1) at the Kozuf Mountain, but also
from mining activities in the past.

In this case study, the results of soil contamination
have been used to train the neural network. The com-
plete investigated region (360 km?) is covered by a
sampling grid of 2 x 2 km?; in the urban zone and
around the ferronickel smelter plant (117 km?) the
sampling grid is denser: 1 x 1 km?. The regular soil
sampling grid of the Kavadarci region is provided in
Fig. 6 (left side). The distribution of points for the
recall grid used to model the spatial distribution of
geochemical associations As-Sb-T1 is also shown in
Fig. 6 (right side). Each sampling site is defined by
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Fig. 7: Spatial data (lithology, land use, position and elevation and slope angle) used for the construction of the
learning and recall data matrix for the modeling As-Sb-T1

Abb. 7: Raumdaten (Lithologie, Flichennutzung, Position, Hohe und Hangneigung) fiir die Erzeugung der Lern-
und Examensmatrix zur Modellierung von As-Sb-T1

Slika 7: Prostorni podatki (litologija, raba tal, nadmorska visina in naklon pobo¢ja), uporabljeni za ucenje in
modeliranje prostorske porazdelitve geokemi¢ne skupine As-Sb-T1

Cauka 7: IIpocTopHu moparoiu (ymorpe6a Ha 3eMjHINTETO, HAIMOPCKA BHCHHA U aroj Ha HAaKIOHOT) IIPH-
MEHETH 3a YYeHe U MOJeINpatbe Ha IPOCTOPHATA pacipeenta Ha reoxemuckara rpyna As-Sb-T1
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Fig. 8: The comparison of the geochemical maps, made by Kriging (left) and ANN-multilayer perceptrons
(right)
Abb. 8: Vergleich der geochemischen Karten nach Kriging (links) und ANN in Multilayer-Projektion (rechts)
Slika 8: Primerjava geokemi¢nih kart, izdelanih na podlagi krigiranja (levo) in uporabe nevronskih mre2 -
venslojni perceptron (desno)
Cuuka 8: Cropen0a Ha TeOXeMHCKUTE KapT, mpunpemenn Ha Kriging momiorn (1eBo) m co mpuMeHa Ha
HEBPOHCKY MPEXKHW — MOBEKECIOEH MEPLUENTPOH (IeCHO)

some parameters such as longitude, altitude and con-
centration of chemical elements. All together, 344 soil
samples were collected in 172 locations. At each samp-
ling point, soil samples were collected at two depths:
topsoil (0 to 5 cm below surface) and bottom (20 to 30
cm) soil. The determination of 36 elements (Ag, Al,
As, Au, B, Ba, Bi, Ca, Cd, Co, Cr, Cu, Fe, Ga, Hg, K,
La, Mn, Na, Mg, Mo, Ni, P, Pb, S, Sb, Sc, Se, Sr, Th,
T, Ti, U, V, W, and Zn) was performed by induc-
tively coupled plasma-mass spectrometry (ICP-MS).
Using kriging as interpolation method (DAVIS,
1986; WEBSTER & OLIVER, 2007), the distribution of
particular chemical elements or group of elements can
be represented in 2D maps. In such maps there are
some errors called bull’s-eye effect causing an elon-
gated division in the isotropic space. Possibly this
effect can be solved only by use of a denser sampling
grid. We are trying to avoid those problems and
improve the maps applying ANN (ZIBRET & SAJN,
2010) and exploiting their compatibility of processing
different types of independent variables (normally dis-
tributed, simplex, attributive data, such as land use or
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geology). Each input besides the standard position
parameters (x and j) is described by some new para-
meters such as elevation, slope angle, geological com-
position, land use etc. (Fig. 7). These parameters have
been determined for all of the 172 sampling locations
which have been used for the learning dataset, as well
as for all recall points (200 m x 200 m grid).

In the study, a multilayer perceptron (MLP) has
been applied to approximate the function, similar than
in Celje. However, the Kavadarci study differs in the
way that the investigated concentrations are connected
with a specific geological unit (alluvial deposits of the
rivers Crna and Vardar). Thus, the modeling space is
far from being homogeneous. Many other different
variables have been used in this case all contributing
their influence to the final product - a generalized
geochemical map. All elements were modeled using
this way but only the As-Sb-T1 association is pre-
sented in this contribution. The applied method of
ANN in the test region shows the distribution much
better than the kriging method (Fig. 8). Areas of high
concentrations are connected only with the areas
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where such concentrations can be expected - these are
alluvial deposits and hills in the SW part of the
research area. The bull’s-eye effect is removed com-
pletely and, moreover, the map created by ANN con-
tains much less noise than the map prepared by
kriging. Some geochemists or mathematicians might
argue that the ANN map is “too generalized”, but the
ANN map is certainly much better than the kriging
map looking from the geological point of view.

3. Conclusions

Four case studies illustrate some of the possibilities to
interpret geochemical and chemical data using neural
networks. Despite this paper deals only with the
potential of neural network technology there are also
some limitations (local minima, wrong learning
methodology, wrong generalization etc.) which are
not discussed in details here. But nevertheless neural
networks with their endless capacities and customi-
zation options offer a solution for very broad types of
problems to interpret geochemical, geological, envi-
ronmental and related data.

References

BOEV, B., ZIVANOVIC, J., LIPITKOVA, S. (2005): Sele-
nium and other trace elements in the soil of the
Tikves region. - In: B. BOEV & T. SERAFIMOVSKI
[eds.]: Proceedings on the 3 International Work-
shop on the Anthropogenic Effects on the Human
Environment in the Tertially Basins in the Medi-
terranean.- 23-35, Stip.

BARANDOVSKI, L., CEKOVA, M., FRONTASYEVA, M.
V., PAVLOV, S. S., STAFILOV, T., STEINNES, E.,
URUMOV, V. (2006): Air Pollution Studies in Mace-
donia Using the Moss Biomonitoring Technique. -
NAA, AAS and GIS Technology, JINR Preprint,
E18: 160 p., Dubna.

BARANDOVSKI, L., CEKOVA, M., FRONTASYEVA, M.
V., PAVLOV, S. S., STAFILOV, T., STEINNES, E.,
URUMOV, V. (2008): Atmospheric deposition of
trace element pollutants in Macedonia studied by
the moss biomonitoring technique. - Environmen-
tal Monitoring and Assessment, 138: 107-111,
Dordrecht etc.

DaAvis, J. C. (1986): Statistic and data analysis in geo-
logy. - John Wiley & Sons: 646 p., New York.

Du, K. L., SWAMY, M. N. S. (2006): Neural Networks
in a Softcomputing Framework. - Springer Verlag:
566 p., London.

Z. geol. Wiss. 40 (4-5) 2012

HAYKIN, S. (1999): Neural Networks. A comprehen-
sive foundation. - 224 edition, Pearson: 842 p., Sin-
gapore.

HERVAS-MARTINEZ, C., ROMERO-SOTO, E. J.,
GARCIA-PEDRAJAS, N., MEDINA-CARNICER, R.
(1993): Comparison between artificial neural net-
works and classical statistical methods in pattern
recognition. - Lecture Notes in Computing Science,
682: 351-360, Berlin etc.

JAIN, A. K., MAO, J., MOHIUDDIN, K. M. (1996): Arti-
ficial Neural Networks: A Tutorial. - Computer,
29 (3): 31-44, IEEE Computer Soc. Publ., Los
Alamitos, CA (US).

KOHENEN, T. (2001): Self-Organizing Map. - 3™ ed.,
Springer Verlag: 501 p., Berlin etc.

PALIWAL, M., KUMAR, U. A. (2009): Neural networks
and statistical techniques: A review of applications.
- Expert System with Applications, 36: 2-17, Am-
sterdam etc.

RAzI, A. M., ATHAPPILLY, K. (2005): A comparative
predictive analysis of neural networks (NNs), non-
linear regression and classification and regression
tree (CART) models. - Expert System with Appli-
cations, 29: 65-74, Amsterdam etc.

SAJN, R. (2005): Using attic dust and soil for the sepa-
ration of anthropogenic and geogenic elemental dis-
tributions in an old metallurgic area (Celje, Slo-
venia). - Geochemistry: Exploration, Environment,
Analysis, 5: 59-67, London.

SAJN, R. (2006): Factor analysis of soil and attic-dust
to separate mining and metallurgy influence, Meza
Valley, Slovenia. - Mathematical Geology, 38: 735-
747, New York etc.

STAFILOV, T., SAJN, R., BOEV, B., CVETKOVIC, I
MUKAETOV, D., ANDREEVSKI, M. (2008): Geoche-
mical atlas of Kavadarci and the environment. - Sts.
Cyril and Methodius University, Faculty of
Natural Science: 109 p., Skopje.

STAFILOV, T., SAJN, R., BOEV, B., CVETKOVIC, I
MUKAETOV, D., ANDREEVSKI, M., LEPITKOVA, S.
(2010): Distribution of some elements in surface
soil over the Kavadarci region, Republic of Mace-
donia. - Environmental Earth Sciences, 61 (7): 1515-
1530, Berlin etc.

WEST, P. M., BROCKETT, P. L., GOLDEN, L. L. (1997):
A Comparative Analysis of Neural Networks and
Statistical Methods for Predicting Consumer
Choice. - Marketing Science, 16 ( 4): 370-391, Bal-
timore etc.

WEBSTER, R., OLIVER, M. A. (2007): Geostatistics for
environmental scientists. - John Wiley and Sons:
315 p., New York.

ZIBRET, G. (2002): Geokemiine lastnosti tal in pod-

265



G. ZIBRET et al.

stre$nega prahu na obmoiju Celja [Geochemical
properties of soil and attic dust in Celje area]. -
BsCh thesis, University of Ljubljana: 76 p., Ljubl-
jana.

ZIBRET, G. (2008): Determination of historical emis-
sion of heavy metals into the atmosphere: Celje
case study. - Environ. - Geology, 56: 189-196, Ber-
lin ete.

ZIBRET, G., SAJN, R. (2008a): Impacts of the mining
and smelting activities to the environment - Slove-
nian case studies. - In: SANCHEZ, M.L. [eds.] Causes
and effects of heavy metal pollution. - Nova Science
Publishers: 1-80, New York.

ZIBRET, G., SAJN, R. (2008b): Modelling of atmosphe-
ric dispersion of heavy metals in the Celje area,
Slovenia. - Journ. geochem. explor., 97: 29-41,
Amsterdam etc.

ZIBRET, G., SAJN, R. (2010): Hunting for geochemical
associations of elements: factor analysis and self-
organising maps. - Math. Geology, 42 (6): 681-703,
New York etc .

ZIBRET, G., ROKAVEC, D. (2010): Household dust and
street sediment as an indicator of recent heavy
metals in atmospheric emissions: a case study on a
previously heavily contaminated area. - Environ-
mental Earth Sciences, 61 (3): 443-453, Berlin etc.

Manuscript received: January 03, 2012
Manuscript accepted: March 30, 2012

Addresses of authors

Gorazd Zibret, Geological survey of Slovenia, Ljubl-
jana, Slovenia

gorazd.zibret@geo-zs.si

Robert Sajn, Geological survey of Slovenia, Ljubljana,
Slovenia

robert.sajn@geo-zs.si

Jasminka Alijagi¢, Geological survey of Slovenia, Lju-
bljana, Slovenia

jasminka.alijagic@geo-zs.si

Trajée Stafilov, Institute of Chemistry, Faculty of
Science, Sts. Cyril and Methodius University, Skopje,
Macedonia

trajcest@iunona.pmf.ukim.edu.mk

266

Z. geol. Wiss. 40 (4-5) 2012





