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Use of neural networks in the geochemical data interpretation
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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 für die Anwendung künstlicher neuronaler Netzwerke zur Interpretation geoche-
mischer Daten. Im ersten Fall wird eine relativ einfache räumliche Interpolation zur Erklärung des Zn-Gehaltes in der
Nachbarschaft der auflässigen Zinkhütte in Celje (Abb. 1) diskutiert. Die Interpolation erfolgte auf der Basis eines Multilayer-
Perzeptrons, das über eine Recall-Lernphase an 118 Probenahmeorten für den Hüttenstaub „geeicht“ wurde. Das Ergebnis
wurde mit der herkömmlichen Methode zur Konstruktion geochemischer Karten, dem Kriging, verglichen (Abb. 2). Auf
den mittels neuronaler Netze konstruierten Karten ist erkennbar, dass die topographische Höhe einen entscheidenden
Einfluss auf die Prognose des Zinkgehaltes hat. Das entspricht Beobachtungen, nach denen die Konzentrationen über der
Zone der Temperaturinversion mit der Höhe extrem abnehmen. Dieses Problem kann mit Hilfe von Krigingverfahren
nicht bearbeitet werden. Ein weiteres Phänomen, das aus den mit neuronalen Netzwerken erzeugten Karten erkennbar,
aber durch Kriging-Interpolation nur schwer zu simulieren ist, besteht in der Berücksichtigung des vorherrschenden West-
windes. Einen Nachteil neuronaler Netzwerke stellt das Auftreten eines Rauschens in den fertigen Karten dar, welches
möglicherweise nicht durch die geschilderten Phänomene bedingt ist.

Im zweiten Beispiel wird eine Klassifizierung untersucht. Verschiedene natürliche Kompartments des Celje-Gebietes
(Abb. 1) wie Boden, alluviale Sedimente und Hüttenstaub 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 Hütten-
staub, 129 Boden- und 95 Sedimentproben. Ferner wurden der Lernmatrix 180 Muster mit Zufallswerten beigefügt. Die
Typen der Probenahmemedien wurden durch die drei output-Neuronen repräsentiert. Die Ergebnisse hingegen sind mit
Hilfe von 37 Mustern bewertet worden, die nicht in die Lernmatrix eingefügt worden waren. Das Netzwerk reflektiert die
37 Muster korrekt. Damit wurde belegt, dass das Netzwerk in der Lage ist, Muster mit zufälligen 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 für Boden und Hüttenstaub in Mezica (Abb. 1) ver-
wendet. Es sollte ermittelt werden, welche Spurenelemente in der Umwelt Folge berg- und hüttenmännischer Aktivitäten in
der Vergangenheit, eisenverarbeitender Tätigkeit und schließlich des natürlichen 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 ähnlichere Verteilung gegenüber Elementen,
die weiter voneinander entfernt sind, aufweisen (Abb. 5). Damit wurden fünf chemische Assoziationen identifiziert: eine
Assoziation der anthropogenen Kontamination, eine solche der Karbonatgesteine, eine Gruppe spurenelementführender
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 ähnelt 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 Flüsse Crna und Vardar gefunden. Sie ist Ergebnis der Erosion des anstehen-
den Gesteins wie auch bergbaulicher Aktivitäten in der Vergangenheit. Mittels Kriging lässt sich nur eine sehr ungenügende
Interpretation konstruieren, in der extrem hohe Gehaltswerte „Bullaugeneffekte“ erzeugen. Hohe Werte besonderer Spu-
renelemente als Folge natürlicher Prozesse konnten nicht gefunden werden. In die neuronalen Netzwerke wurden folgende
Parameter einbezogen: geographische Lage und topographische Höhe, geologische Situation, Flächennutzung und Hang-
neigung. Gegenüber 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 opuscenih topilnic
cinka v Celju (slika 1). Interpolacija je bila narejena na podlagi vecslojnega perceptrona, kateri je bil naucen po metodi
vzvratnega ucenja na 118 vzorcnih 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 visini, ki je visja, kot je obicajna visina
temperaturnega obrata, znatno padejo. S krigiranjem tega pojava ni moc 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 vpliv prevladujocih 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 razvrscali vzorcne materiale Celjskega obmocja
(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 ucno matriko
vkljucili se 180 primerov nakljucnih vrednosti. Tip materiala so predstavljali trije izhodni nevroni, rezultate pa smo
kontrolirali s 37 primeri, ki niso bili vkljuceni v ucno matriko. Nevronska mreza je pravilno razporedila vseh 37 primerov.
Sposobna je bila zaznati tudi primere z nakljucnimi vrednostmi.

Tretji primer je primer dolocevanje geokemicnih zdruzb z uporabo samoorganizacijskih mrez. Pri tem smo uporabili
podatke iz geokemicnega vzorcenja tal in podstresnega prahu na obmocju 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). Geokemicne zdruzbe smo prebrali
iz popolnoma naucene matrike izhodnih nevronov (slika 4), pri cemer imajo bliznji elementi bolj podobno razporeditev,
kot elementi, ki so dlje narazen (slika 5). Na taksen nacin smo dolocili 5 geokemicnih 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-Tl je zastopana v aluvialnih
sedimentih reke Crne in Vardar, kar je posledica erozije maticnih kamnin in delovanja Sb-As rudnika Alsar juzno od
obravnavanega obmocja. Uporaba krigiranja je povzrocila povsem neprimerno interpretacijo, saj so opazni ucinki ekstremnih
vrednosti, ki se odrazijo v t.i. »bikovih oceh«. Povisane vsebnosti elementov zaradi naravnih procesov ni vidna. Pri uporabi
nevronskih mrez smo upostevali polozaj in nadmorsko visino, geologijo, rabo tal ter naklon pobocja. Rezultati, dobljeni
z nevronskimi mrezami so podali bistveno boljso generalizacijo, kot krigiranje (slike 6, 7 in 8).

ApstraktApstraktApstraktApstraktApstrakt

Wo trudot awtorite se obiduwaat na kratko da pretstawat 4 primeri na primena na newronskite mrehi pri
obrabotka na geoxemiski podatozi. Prwiot primer e priliqno ednostawna prostorna interpolazija na primerot
na sodrhinata na zink wo okolinata na napuvtenata topilniza na zink wo Zele (slika 1). Interpolazija e
naprawena wrc osnowa na powekesloen perzeptron, koj e nauqen po metodot na powratno uqene na 118 toqki od koi
se cemeni primerozi od potkrowna pravina. Isto taka, primenet e i woobiqaenite metod ca priprema na karti –
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so krigirane (slika 2). Na kartite podgotweni so newronskite mrehi, mohe da se widi deka nadmorska wisoqina
ima golemo wlijanie wrc predwidenite sodrhini na zink, vto odgowara so najdenoto, deka sodrhinata na zinkot
na powisokite nowoa, kade wrednosta na temperaturata e obratna, cnaqitelno se namaluwaat. So krigiraneto owoj
fenomen ne mohe da bidat cabelehan. Druga widliwa pojawa koja ima wlijanie pri icrabotkata na kartite so
koristene na newronskite mrehi, i e mnogu tevko toa prawilno da se simulira so krigirane, e wlijanieto na
dominantnite capadni wetrowi. Slaba strana na newronskite mrehi e pojawata na vum na finalnite karti, koja
najwerojatno ne e powrcana so nekoj fenomen.

Drug primer e primerot na klasifikazija, kade so newronski mrehi e icwrvena klasifikazija na materi-
jalite od cemenite primerozi od oblasta na Zele (slika 1), kako vto e poqwa, aluwijalen sediment i potkrowna
pravina, wrc osnowa na sodrhinata na elementite wo niw. Mrehata (slika 3) e nauqena wrc osnowa na analica na
121 primerok od potkrowna pravina, 129 primerozi poqwa i 95 primerozi od aluwijalni sedimenti. Pokraj toa,
wo matrizata se wkluqeni i 180 sluqajni wrednosti. Widot na materijalot e pretstawen so tri iclecni newroni,
recultatite se prowereni so 37 primeri koi ne se wkluqeni wo matrizata. Newronskata mreha prawilno gi
raspredeli site 37 primeri. Beve wo mohnost da gi detektira i primerite so sluqajnite wrednosti.

Tretiot primer e primer na utwrduwane na geoximiski grupi so primena na samoorganicirani mrehi. Pri toa
se upotrebeni podatozite od geoximiskite primerozi na poqwi i potkrowna pravina wo okolinata na Mehize
(slika 1). Naprawen e obid da se utwrdi koi elementi prisutni wo hiwotnata sredina se kako recultat na rabotata
na rudnikot i topilnizata, koi elementi se recultat na rabotata na helecarnizata, a koi se prirodni grupi na
elementi (wlijanie na karbonatnite, magmatskite i metamorfnite karpi). Geoximiskite grupi se odredeni so
popolnuwane na nauqenata matriza na iclecnite newroni (slika 4), pri vto sliqnite elementi imaat posoodwetna
raspredelba od elementite koi se poracliqni (slika 5). Na owoj naqin se identifikuwani pet geoximiski grupi,
antropogena grupa, grupa na karbonatni elementi, grupa na elementi na tevki minerali, grupa na elementi na
kiselite magmatski i metamorfni karpi i grupa katjoni koi formiraat rastworliwi minerali.

Posledniot primer se odnesuwa na icgotwuwane na geoximiski karti na primerot na Kawadarzi wo Makedonija
(slika 1). Owoj primer e mnogu sliqen na prwiot sluqaj, no sepak, se qini deka cnaqitelno se raclikuwa. Geoximis-
kata asozijazija As-Sb-Tl e castapena wo aluwijalnite sedimenti na rekite Zrna Reka i Wardar i e kako recultat
na erocija na matiqnite karpi i rabotata na Sb-As rudnikot Alvar koj se naoga juhno od ispituwanata oblast.
Primenata na krigiraœeto dawa sosema nesoodwetna interpretazija, bidejki se cabelehani efekti na ekstremni
wrednosti, koi se reflektiraat wo t.n. “bikowi oqi”. Cgolemenite wrednosti na sodrhinite na elementi kako
recultat na prirodnite prozesi ne se widliwi. So primena na newronskite mrehi, usoglaseni se polohbata
i nadmorskata wisoqina, geologijata, uptrebata na cemjivteto i agolot na naklonot. Recultatite dobieni
so newronskite mrehi dawaat cnaqitelno mnogu podobra generalicazija otkolku onie dobieni so krigirane
(sliki 6, 7 i 8).

1. Introduction

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

looked upon in the literature as competing model-
building techniques (PALIWAL & KUMAR, 2009). The
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; c) 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

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 Štore in the eastern part of the area (Ironworks
Štore). 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
(x 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) = ƒ (dx; dy; z)

where dx = xsample, dy = ysample, z = 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, z and C (Zn) from 118 sampling points in the Celje
area (• IBRET, 2002; ŠAJN, 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. 2c) where the variables dx, dy and z have been
introduced with 25 m of resolution in both, x and y,
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
z, 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
SlikaSlikaSlikaSlikaSlika 1: Lokazii na ispituwanite oblasti

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.

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, dy and z). Three results are visible
which are better compared with the kriging method.
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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 Hüttenstaub Celje
A: Visualisierung der Lernphase (Zn-Konzentration). B:Räumliche Verteilung von Zn nach Kriging (räumliche Auflösung
25 m). C: Examensmatrix (DEM des Celje-Bassins, räumliche Auflösung 25 m). D: Visualisierung der Interpolations-
ergebnisse nach neuralem Netzwerk.
Slika 2: Proces funkcijske aproksimacije (vsebnost Zn v podstresnem prahu na obmocju Celja)
A – vizualizacija ucnih podatkov (vsebnost Zn); B – prostorska porazdelitev Zn, dolocena s krigiranjem (25 m locljivost); C
– vizualizacija vhodnih podatkov za model (DMR celjskega obmocja, 25 m locljivost); D – vizualizacija interpoliranih
vsebnosti izracunanih z nevronskimi mrezami
SlikaSlikaSlikaSlikaSlika 2: Postapka ca funkzionalna aproksimazija, Zn wo potkrowna pravina od studijata ca Zele
A – wicualicazija na podatozite ca uqene (konzentrazijata na Zn); B – prostorna distribuzija na konzentraziite
na Zn, primeneta e kriging metoda na interpolazija (25 m prostorna recoluzija); C – powikuwaqka matriza
(modifiziran DEM na basenot na Zele, 25 m prostorna recoluzija); D – wicualicazija na interpolazijata na
recultatite so newronskata mreha

(1) The topographical elevation has a significant influ-
ence on the interpolated Zn concentration. This is
very reasonable, as the temperature inversion is a very
common phenomenon for this area. It prevents a

spreading of the past pollution above the fog. (2) The
dominant wind direction from W to E has been
correctly suggested by neural network. (3) The neural
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 für die Klassifizierung geochemischer Proben im Gebiet Celje
(Fallstudie Hüttenstaub)
Slika 3: Topologija nevronske mreze, uporabljena za klasifikacijo geokemicnih vzorcnih sredstev na celjskem
obmocju. Prikazan je primer za podstrelni prah
SlikaSlikaSlikaSlikaSlika 3: Topologija na newronskata mreha primeneta ca klasifikazija na geoxemiskite primerozi
od ispituwanite materijali wo regionot na Zele. Prikahan e sluqajot so potkrownata pravina

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 0 for the random value cases.
All variables have been normalized to the interval [0;
1].

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) für die Cluster-Fallstudie – Gebiet Mezica
Slika 4: Samoorganizacijska mreza, ki je bila uporabljena za potrebe zdruzevanja (clustering) – Mezisko obmocje
SlikaSlikaSlikaSlikaSlika 4: Newronska mreha (samoorganiciraqka mapa), upotrebena ca grupirane na predmetnata studija
– regionot na Mehize

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
(ŠAJN, 2006). The input dataset consists of chemical
analyses of soils and attic dust sampled at 106 locations

(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 obmocje
SlikaSlikaSlikaSlikaSlika 5: Recultati od opredelu-
waneto na geoxemiskite asozi-
jazii so primena na SOM i gru-
pirane so k-cnaqene – region na
Mehize

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).

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–Tl (right)
Abb. 6: Probenahmeschema des Gebietes Kavadarci (links), Anordnung der Teilflächen für die Modellierung
der räumlichen Verteilung der Gruppe As–Sb–Tl (rechts)
Slika 6: Vzorcna mreza tal na obmocju Kavadarcev (levo) in razporeditev tock za modeliranje prostorske
razporeditve geokemicne skupine As–Sb–Tl (desno)
SlikaSlikaSlikaSlikaSlika 6: Mreha ca cemane probi wo oblasta na Kawadarzi (lewo) i raspredelba na toqkite ca mode-
lirane na prostornata raspredelba na geoxemiskata grupa As–Sb–Tl (desno)

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 Tikveš 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 fruits produced in this region, mainly concerning
a contamination by trace elements (BOEV, ZIVANO-
VIC & LIPITKOVA, 2005; BARANDOVSKI, CEKOVA,

FRONTASYEVA et al., 2006; BARANDOVSKI, CEKOVA,
FRONTASYEVA et al., 2008; STAFILOV, ŠAJN, BOEV et
al., 2008; STAFILOV, ŠAJN, BOEV et al., 2010). Very
high concentrations of As, Sb and Tl 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 Alsar mine
deposits (As–Sb–Tl) 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 km2) is covered by a
sampling grid of 2 × 2 km2; in the urban zone and
around the ferronickel smelter plant (117 km2) the
sampling grid is denser: 1 × 1 km2. 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–Tl 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–Tl
Abb. 7: Raumdaten (Lithologie, Flächennutzung, Position, Höhe und Hangneigung) für die Erzeugung der Lern-
und Examensmatrix zur Modellierung von As–Sb–Tl
Slika 7: Prostorni podatki (litologija, raba tal, nadmorska visina in naklon pobocja), uporabljeni za ucenje in
modeliranje prostorske porazdelitve geokemicne skupine As–Sb–Tl
SlikaSlikaSlikaSlikaSlika 7: Prostorni podatozi (upotreba na cemjivteto, nadmorska wisina i agol na naklonot) pri-
meneti ca uqene i modelirane na prostornata raspredelba na geoxemiskata grupa As–Sb–Tl
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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 geokemicnih kart, izdelanih na podlagi krigiranja (levo) in uporabe nevronskih mrez –
veislojni perceptron (desno)
SlikaSlikaSlikaSlikaSlika 8: Sporedba na geoxemiskite karti, pripremeni na Kriging podlogi (lewo) i so primena na
newronski mrehi – powekesloen perzeptron (desno)

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,
Tl, 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

geology). Each input besides the standard position
parameters (x and y) 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 × 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–Tl 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.
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