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Comparative use of artiﬁcial neural networks for the
quality assessment of the water reservoirs of Athens
Eleni G. Farmaki, Nikolaos S. Thomaidis, Vasil Simeonov
and Constantinos E. Efstathiou

ABSTRACT
Neural networks are powerful tools that could explore the basic structure of environmental data.
In this work, the most common artiﬁcial neural network (ANN) architectures, multi-layer perceptrons
(MLPs), radial basis function (RBF) and Kohonen’s self-organizing maps (SOM), are applied in
order to assess the quality of the water reservoirs used for the domestic and industrial water supply
of the city of Athens, Greece. In parallel, ANN models are optimized and their recognition and
predictive accuracy is tested. The data set consisted of 89 samples collected from the three Athenian
water reservoirs during a period of 6 months (October 2006 to April 2007). Thirteen metals and
metalloids, Fe, B, Al, V, Cr, Mn, Ni, Cu, Zn, As, Cd, Ba, Pb, were determined. For the validation of the
optimized ANN models, new data from subsequent sampling campaigns (December 2007) were used.
The constructed classiﬁcation models predicted successfully the origin of the new posterior samples
and simultaneously revealed the differences in sample compositions that occurred in that period.
Critical comparison of the different architectures in site classiﬁcation and modeling veriﬁed the validity
and usefulness of ANNs, as a powerful and effective tool for water quality assessment.
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INTRODUCTION
Authorities and research bodies all over the world per-

Inspired initially from biological systems, ANN models

form regular monitoring studies which determine a high

are capable of gradual learning over time and modeling

number of parameters in order to ensure a high quality

extremely complex functions. Their contribution in handling

of the supplied water. These studies often produce large

large data sets of results is very important. In addition to the

data sets from which only a small amount is really rel-

traditional multivariate chemometric techniques, ANNs are

evant to the problem (Zupan & Gasteiger ). Indeed,

often applied for function approximation, or regression

the valuable information that scientists seek can often

analysis, time series prediction, ﬁtness approximation and

be very difﬁcult to extract from the abundant data

modeling, clustering, classiﬁcation, novelty detection, data

obtained. Thus, although some decades ago, scientists

and pattern recognition (Farmaki et al. ). ANNs can

had to carry out a great deal of hard routine work to

detect complex relationships between inputs and outputs

obtain just a few numbers, nowadays it can be arduous

or recognize patterns in data structure. The success key is

to explore the available information to ﬁnd what is valu-

always an appropriate training data.

able. To this end, and in order to be prepared to handle
large

quantities

of

data,

artiﬁcial

neural

networks

(ANNs) seem to be a promising and effective tool.
doi: 10.2166/aqua.2013.108

Downloaded from https://iwaponline.com/aqua/article-pdf/62/5/296/400580/296.pdf
by guest

ANNs have seen an explosion of interest over the last
two decades and have been successfully applied in all
ﬁelds of chemistry and particularly in analytical chemistry.
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In water analysis particularly, a relatively high number of
articles concerning ANN applications have been published
during the last decade. Optimized models, mainly multi-
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2. to construct models for each lake containing the critical
parameters that deﬁne their water quality; and
3. to reveal the similarities and dissimilarities between

layer perceptrons (MLPs), radial basis function (RBF) and

sampling

Kohonen, are often used for modeling and prediction

Athenian reservoirs. In that way, either pollution can be

(Brodnjak-Vončina et al. ; Huang & Foo ; Sharma

identiﬁed, or the homogeneity of the lakes can be

et al. ; Fernández-Sánchez et al. ; Sahoo et al.

examined.

; Kim & Kim ; Elhatip & Kömür ; Rene &
Saidutta

),

water

quality

assessment

(Brodnjak-

Vončina et al. ; Tutu et al. ; Astel et al. ; Tobiszewski et al. ; Tsakovski et al. ; Bieroza et al. ),

points

of

a

reservoir

and

between

For these purposes, the ANN models have been successfully optimized, while validation and external test samples
veriﬁed their efﬁciency.

sample classiﬁcation (Astel et al. ; Çinar & Merdun
; Yan et al. ; Jin et al. ), or for exploring correlation

and

signiﬁcance

among

variables

EXPERIMENTAL

(Brodnjak-

Vončina et al. ; Astel et al. ; Çinar & Merdun

Monitoring sites and sampling campaigns

; Jin et al. ), and are frequently compared to more
conventional

(Brodnjak-Vončina

Monitoring sites are thoroughly presented in our previous

et al. ; Bieroza et al. ). In all works, ANNs seem

statistical

techniques

work (Farmaki et al. ). Three sites have been selected

to be very effective and produce better results than the

for Iliki, seven for Mornos and ﬁve in Marathon lake. The

traditional chemometric techniques during comparison

three water Athenian reservoirs are depicted in Figure 1,

studies (Brodnjak-Vončina et al. ; Bieroza et al. ).

Iliki (Y), Mornos (MO) and Marathon (MA).

In this work, water quality with respect to the metal and

Water quality of Iliki (marked as Y in Figure 1) is dic-

metalloid content in samples collected from the three main

tated by the Kiﬁsos River that crosses all the Kopaida

water reservoirs of Athens (Iliki, Mornos and Marathon) is

plain and discharges in the northwest side of the lake. The

evaluated by ANNs. Moreover, the comparative application

plain is cultivated intensively; the main products being

of different architectures for the evaluation of surface water

cotton, tobacco, olives, cereals, legumes, vegetables and

quality is comprehensively presented, showing that each of

animal products. Big municipalities dominate in the sur-

them could reveal and verify hidden intrinsic characteristics

rounding

and develop simple classiﬁcation rules that could be used,

agrochemical factories and building materials production

either to identify potential changes in a posterior samples’

units are active. Mining industries (bauxite, iron ore) are

composition, or to prove homogeneity of a lake, thus facili-

also well developed.

tating the sampling authority (EYDAP company) in
sampling and analysis management.

area,

while

cotton

ginning,

textile

and

Mornos (marked as MO) accepts the water bodies of all
the rivers, tributaries, and streams of the region, while Mara-

Speciﬁcally, data concerning metal and metalloid con-

thon (marked as MA) basin is surrounded by ﬁve

centrations from a total of 15 sampling sites in Iliki

municipalities. The river water of the area determines the

(three sites), Mornos (seven sites) and Marathon (ﬁve

quality of Marathon water.

sites) were subjected to different ANN algorithms in order

Fifteen sampling sites were selected on the three lakes

to classify the sampling sites, ﬁnd the critical variables that

under the quality control monitoring program of EYDAP

are responsible for this spatial variability and construct

SA. A description of the sampling sites is given in Table 1.

models that characterize each individual water reservoir.

Six monthly sampling campaigns were conducted,

Particularly, the objectives of the data processing were:

between October 2006 and April 2007. Posterior samples
for validation purposes were collected in December 2007.

1. to apply and compare different ANN architectures
through their predictive ability using ‘unknown’ samples;
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Details about the collection and preservation of samples
can be found elsewhere (Farmaki et al. ).
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Map of water reservoirs of Athens.

Instruments and methods

800, Bodenseewerk, Germany). For the rest of the elements,
B, Al, V, Cr, Mn, Ni, Cu, Zn, As, Cd, Ba, Pb, Inductively

Fe was determined by Electrothermal Atomic Absorbance

Coupled Plasma Mass Spectrometry (ICP-MS) (Agilent,

Spectrometry (ETAAS) (Perkin-Elmer, model AAnalyst

model 7500e, Santa Clara, California, USA) was used.
A detailed description of the analytical data quality (cali-

Table 1

|

bration data, limit of detection (LOD) and limit of

Sampling sites description

quantiﬁcation (LOQ) values, precision and trueness data) is
Sampling site/No

Reservoir

Description

presented in our previous work (Farmaki et al. ). All

1

Iliki

River Kiﬁsos estuary

measurements were performed in triplicate and the average

2

Iliki

Center of the lake (shore side)

was used.

3

Iliki

Mouriki

4

Mornos

River Mornos estuary

5

Mornos

River Avoros estuary

6

Mornos

Center of the lake (shore side)

7

Mornos

City of Lidoriki

8

Mornos

Pump-station

9

Mornos

Katadi (stagnant water)

10

Mornos

River Kokinos estuary

11

Marathon

Pump-station

12

Marathon

Inﬂow of stream 1 (from Mornos)

13

Marathon

Inﬂow of stream 2

14

Marathon

Inﬂow of stream 3

15

Marathon

Inﬂow of stream 4
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Data analysis and statistical methods
Thirteen metals and metalloids were initially determined in
a total of 89 samples. Finally, 11 variables were retained. Cd
and Pb measurements have been omitted, since the majority
of the results were below or around LOD level, respectively.
The results of all measurements were analyzed by different
ANN algorithms. The whole raw data set was used with lakemarked sampling sites, after substituting the respective numbers of the sampling sites with the respective reservoir name.
In the following sections, a comprehensive summary of
the theory of the ANN architectures used is presented. More
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details, along with a review of applications in water analysis,

relationship between inputs and outputs. In other words,

can be found in a previous work (Farmaki et al. ). MLP

the aim is to ﬁnd a function (X → Y) that matches the

and RBF models were applied on the same data set and their

examples. For this purpose, the initial weights are adjusted

predictive assessment is thoroughly discussed, while Koho-

so that the calculated error (difference between outputs

nen networks succeeded in revealing site similarities

and desired targets) is as low as possible. Training is usually

(within the same lake) or differences (between different

terminated when the error is lower than a predetermined
value or a predeﬁned number of epochs are completed.

lakes).

The model is then checked for its generalization ability. A
special sample set is used for this purpose called ‘validation’

THEORY

or ‘selection’ set. This sample set can check the network
performance and control the ‘overﬁtting’ problem. An overﬁtted model is a complicated model that generally has too

General

many parameters relative to the number of samples. OverﬁtA ‘primitive’ unit called perceptron based on an innovative

ting occurs when a model describes random error or data

idea of Rosenblatt’s (Rosenblatt ) was the beginning

noise, instead of approximating the underlying function.

for the development of ANNs. Elementary Perceptron is a

Thus, the model function is too closely ﬁtted to a limited

binary classiﬁer that combines inputs to binary outputs.

set of data points (the training data); as a result, it memo-

For every input vector xi, a weight wi is applied, multiplied

rizes the idiosyncrasies in these and it is ‘built’ upon them.

with the corresponding value, a constant term (bias b) is

An overﬁtted model is a model based on limited data. So,

added, and the sum y is ﬁnally calculated by the formula

when it will be asked inevitably to judge over other

(Farmaki et al. ):

unknown pairs of inputs and outputs, it will fail. This
means poor generalization (less predictive power as the

y¼

n
X

xi wi þ b

i¼1

model exaggerates minor ﬂuctuations in the data). A simpler
model can generalize over unknown samples, but it may not
be powerful to model the data. Thus, a balance between

A threshold function f is then applied and a ﬁnal
threshold value θ determines the output:

f(x) ¼

1
if y > θ
0 otherwise

model complication and generalization ability is required.
The efﬁciency of the trained network ﬁnally, can be veriﬁed
by a new unknown sample set called ‘test’ set. If the network
is properly trained, the model can also predict correctly the
outputs for this unknown set.
Unsupervised training (represented here by the Koho-

This type of network, however, could only respond in

nen technique) refers to the problems of trying to ﬁnd

limited linear problems. A large class of problems described

hidden structure in unlabeled data. The network learns to

by non-linear functions could not be resolved; the solution

represent particular input patterns in a way that reﬂects

was given by adding an intermediate (hidden) layer and

the initial data. The system is provided with a sample set

new multi-layer networks (MLPs) were developed. The last

and is left to settle down (or not) without a known desired

ones are non-linear statistical data modeling tools that can

output (Svozil et al. ).

handle successfully non-linear problems that a simple perceptron cannot (Farmaki et al. ).

Back propagation algorithm

The relationship between inputs and outputs in a network is established through the process of ‘training’ or

MLP network is the most frequently used type of ANN for

‘learning’. In supervised learning, a set of example pairs

approximating general relationships. The basic structure is

(inputs X combined to outputs Y) is given. This comprises

comprised generally by three layers of units (neurons): the

the ‘training’ data set and it is used for ‘modeling’ the

input that does not perform any calculations; the
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intermediate (hidden) that performs the computation of the

Finally, in the output layer, each unit makes a linear

weighted sum of the inputs and the implementation of the

transformation to the data of the hidden layer. In other

activation function; and the output layer that produces the

words, the ﬁnal predicted value for the input vector is com-

ﬁnal results by treating the outputs of the hidden layer,

puted by summing the output values of all the RBF functions

with the same way. Less frequently, more than one hidden

in the hidden neurons.

layer can be used.
The most popular learning algorithm used here is

Kohonen neural networks

referred to as the back-propagation algorithm (BP), as the
error is propagated (distributed) from the output to the

Kohonen neural networks differ from the other supervised

input layer. When a sample is entered into the network,

learning architectures. Self-organizing map (SOM) algor-

the initial input values are propagated (through the hidden

ithm has been proposed by Kohonen (Kohonen ), and

layer) forward to the output units. This is where the ﬁnal

is a neural network model that implements a characteristic

error, i.e. the differences between the computed and

non-linear projection from the high dimensional space of

required (theoretical) values, can be calculated. Thus,

input signals onto a low-dimensional array of neurons

based on these differences, the adjustment of the output

(Kohonen et al. ). The term ‘self-organizing’ refers to

weights is initially performed. This adjustment is propagated

the unsupervised ability to learn and organize information

backwards to the weights of the hidden layer or ﬁnally the

without being given combined output values for the input

input one, so that all the weights are adjusted. Many itera-

pattern (Mukherjee ). A Kohonen network consists of

tions are performed for an effective error reduce. More

two levels. The ﬁrst one is the input level. The second is

details about MLPs and BP algorithms are presented else-

usually organized on a regular two-dimensional grid. This

where (Nguyen et al. ; Farmaki et al. ).

is usually a rectangular surface with m × m neurons (units).
The two levels are fully interconnected; so each input unit

Radial basis function networks

is connected to all other neurons of the second level. If
the input vector has n dimensions, we have a number of

The RBF network also consists of three layers: an input, a

n × m × m connections. Kohonen neural networks resemble

hidden and an output. Each input neuron is connected to

most the biological networks due to the correction

all the hidden ones, while hidden and outputs are intercon-

implementation that seems to be a rather ‘local’ procedure.

nected to each other by a set of weights (Sharma et al. ).

The weights correction affects only some of the neurons of

The neurons in the hidden layer usually contain Gaussian

the network that resemble the ‘winner’ or the ‘best matching

activation functions whose outputs are inversely pro-

unit’ (BMU). This procedure ﬁnally dictates the topology of

portional to the distance from the center of the neuron.

the Kohonen ‘map’ and thus similar objects (in our case

This means that every time an input enters the network,

sampling points) are mapped close together on the grid.

the Euclidean distance is computed between the center of

The ﬁrst step in training a Kohonen network is to

every neuron and the input vector. Then a Gaussian func-

initialize the weight vectors. Each weight vector has two

tion is applied. When an input is far from the speciﬁc

components: the ﬁrst part of a weight vector is its data

neuron, the Gaussian response is small. On the contrary,

(input sample vector), while the second part of a weight

for each input sample that is closer to the center, the

vector is its natural location (a neuron in the Kohonen

response is signiﬁcant. As a result, there is a predeﬁned

map). When an input vector enters the network, the

range for the inputs that corresponds to a response ﬁeld

map is searched for weight vectors (of the winner

(center ± width) for every neuron. Thus, the key for a suc-

neuron) that best represent that input. Distances between

cessful RBF network is the appropriate choice of the

the input and all the neurons are calculated, but the

centers and widths of the neurons (Vandeginste et al.

winner represents the minimum one. Thus, the winner is

), while it is evident that extrapolation in this case is

rewarded by being able to adjust its weights to be closer

prohibited.

to the ﬁrst entered input vector. The new weights are
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calculated from the old ones through a learning rate,

(Root Mean Square) error for the validation sample set.

initially deﬁned and are updated after each iteration. In

For each trial, 20 different networks were tested. Thus, the

parallel, the neighbors of that neuron are also rewarded

initial parameters for the model construction are different

by being able to become closer to the chosen input

and independent in order to validate the ﬁnal result and

vector. The number of neighbors selected to update their

avoid local minima and paralyzed networks (Kröse & Van

weights is deﬁned by an appropriate neighborhood func-

der Smagt ; Vandeginste et al. ; Hernández-

tion that ensures their decrement over time. The input

Caraballo et al. ; Carlucci et al. ).

vector is ﬁnally attributed to its winner neuron, while

Moreover, in order to optimize the number of the inputs,

the whole process is repeated for the next sample. In

discriminant analysis (DA) was used as a preliminary tool

this way, the Kohonen algorithm constructs a neuron

(Farmaki et al. ). Thus, variables sets of three (V, Ni,

map that represents the whole data set and reﬂects their

As), four (V, Ni, As, B), six (V, Ni, As, B, Cu, Mn), eight (V,

initial topology.

Ni, As, B, Cu, Mn, Cr, Fe) and 11 (V, Ni, As, B, Cu, Mn, Cr,

All the calculations and plots of this work were made

Fe, Ba, Al, Zn) were tested according to the importance

using Excel 2003 by MicroSoft, Statistica for Windows,

order that had derived from an initial application of the stan-

Version 7.0 by StatSoft Inc., 2004 and Matlab 6.5 software.

dard approach of the DA method. The number of hidden
units ﬂuctuated from two to 18, while the learning rate and
the size of the training set were tested from an initial value

RESULTS AND DISCUSSION

of 0.01–0.20 and from an initial value of 35–65, respectively.
Finally, the best model was chosen, with RMS error ¼ 0.26

Results of the sampling campaigns

for the validation set, 12 units in the hidden layer and only
three inputs (V, Ni, As) (Figure 3(a)). Their contribution in

The overall results are presented in our previous work

the discrimination is explained due to the high V and As

(Farmaki et al. ). Box plots for some critical variables

values in Iliki and Marathon, respectively, while Mornos is

(Fe, Al, V, Mn, Ni, As) for the three reservoirs are presented

characterized by nearly background values for all three

in Figure 2.

descriptors (Farmaki et al. ). Figure 4 is indicative for

As expected, due to the intense anthropogenic (agricul-

this differentiation. More speciﬁcally, vanadium seems to

tural and industrial) activities, Iliki seemed to be the most

be the discriminating element for Iliki (Y), as the red color

polluted with regard to the elemental concentrations.

of ‘V’ and ‘Y’ nodes shows in Figure 3(a) (the full color ver-

Thus, in the three sampling sites of Iliki (numbers 1, 2, 3

sion of Figure 3 is available online at http://www.

in Table 1) slightly higher values of Fe, B, Al, V, Mn, Ni

iwaponline.com/jws/toc.htm). Indeed, the colors represent

and Zn were determined (however, below the regulated

the distribution ratio of each variable in the ﬁnal result

limits). On the contrary, Mornos, which is the major water

(Galão et al. ). Even the red hidden nodes are character-

supply reservoir of Athens, showed ‘background level’

ized by the higher weight values for vanadium. The ﬁnal

values for all the determined elements. Marathon lake, due

outputs for the MLP network are the three lakes (marked

to the surrounding agricultural activities and natural pro-

in Figure 3(a)). The learning rate and the size of the training

cesses in the wider area, gave higher values for Fe, Al, Mn,

set were 0.01 and 65, respectively, during the learning phase.

Ni and As (Figure 2).

The accuracy of the constructed MLP model was
assessed with a series of new results received during a pos-

MLP-BP network

terior time period (December 2007) from the same
sampling sites. Table 2 summarizes the results. The ﬁrst

MLP networks used in this work were optimized through

nine columns show the measured concentrations of V, Ni

the parameters of the number of the hidden units and the

and As of the new samples, while the real origin of the

inputs (metal and metalloids), the learning rate and the

samples (MO, MA or Y) is provided in the ﬁrst line of the

size of the training set. The criterion used was the RMS

table. The predicted results according to the models used
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Box plots of some critical parameters of the three lakes: Fe, Al, V, Mn, Ni, As (in μg L1; mean and minimum/maximum values are presented).

are presented in the last two columns. There was only one

2007, due to water shortage, the supply of Mornos was com-

error in a set of 14 samples. This mistakenly predicted site

pleted (half amount) with Iliki water. As a result, the water

(no. 12 of Marathon, Table 1) contains water from a

quality in this site represented equally Mornos and Iliki

stream coming from Mornos. However, after October

water. The ‘mixing’ of sites is thus expected. So, with the
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use of the constructed model, one could predict the origin of
the water in the canal.

RBF network
RBF networks were optimized through the parameters of the
number of the hidden units and the width. The criterion used
was again the RMS error for the validation sample set. The
variables used were V, Ni, As, as they had already been evaluated in the previous ANN technique, in order that
comparisons were feasible. Figure 3(b) depicts the three
colored inputs (V, Ni and As) and the corresponding outputs
(MO, MA or Y). For each trial, different networks were also
tested (the number of hidden units ﬂuctuated from two to
22), and the best model was chosen with RMS error ¼ 0.23
for the validation set and nine units in the hidden layer
(Figure 3(b)). Its accuracy was also conﬁrmed with the same
series of new data set of December 2007. The results were
exactly the same with the MLPs model (Table 2): the same
controversial site gives the only wrong prediction. However,
fewer hidden units have been used in the optimized model.
In both supervised ANN models, the differentiation
Figure 3

|

Architecture of the ﬁnal optimized networks: (a) MLPs and (b) RBF. The full
color version of this ﬁgure is available online at http://www.iwaponline.com/
jws/toc.htm.

Figure 4

|

between the three lakes was proved through two successful
models.

The

critical

variables

(responsible

for

this

Box-and-whisker plots of the most critical values: V, Ni, As (in μg L1) used for the discrimination of the three lakes (median and minimum/maximum values are given).
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Predictions in new samples based on the optimized MLP and RBF model. The variables values are recorded in μg L1

Mornos (MO)

Marathon (MA)
V

Iliki (Y)

V

Ni

As

Ni

As

V

Ni

As

Prediction

0.42

1.16

0.25

MO

√

0.20

0.37

0.16

MO

√

0.70

0.43

0.41

MO

√

0.78

0.41

0.42

MO

√

0.66

0.33

0.33

MO

√

0.42

0.35

0.19

MO

√

0.39

0.33

0.22

MO

√

1.22

2.02

2.46

MA

√

1.13

3.07

1.04

Y

X

0.56

0.73

1.96

MA

√

0.61

1.87

2.34

MA

√

1.41

2.38

0.62

Y

√

0.91

3.38

0.80

Y

√

0.67

6.83

0.59

Y

√

differentiation) were identiﬁed, while the homogeneity of

mentioned above in the previous techniques is conﬁrmed

each lake was obvious, especially that of Mornos lake.

here. Thus, vanadium component plane gives dark red neur-

This can justify fewer sampling points per lake and conse-

ons in the left-bottom area that represents Iliki (see V planes

quently less laboratory and statistical work.

in Figure 5), arsenic component plane gives dark red neurons
in the right-bottom area that represents Marathon (see As
planes in Figure 5), while the neurons that depict Mornos

Kohonen network

are blue (no particular contaminating element; background
levels). (The full color version of Figure 5 is available online

The unsupervised Kohonen technique was applied to the
data set by using all the initial variables as this technique
is different from the aforementioned ones (it is an unsupervised ANN technique).
The Kohonen map has been chosen as a rectangular
grid with number of neurons (n) determined using the following formula (Vesanto ):
n¼5×

pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
pﬃﬃﬃﬃﬃﬃ
number of samples ¼ 5 × 89 ≈ 48

at http://www.iwaponline.com/jws/toc.htm.)
Then, similarity between the sampling sites was investigated by using the Kohonen network. The dimensionality of
the Kohonen’s map was 6 × 8 (see ‘hit diagram’ in Figure 6).
The Kohonen classiﬁcation obtained was then compared
with the real data from the initial data set (all 89 samples
of the three lakes, Figure 6). The classiﬁcation indicates
that three major groups of objects are formed.
1. In Group 1 (total 20 objects), Marathon lake is rep-

In Figure 5 (component planes), the general Kohonen

resented by 18 objects and lake Iliki by two objects.

classiﬁcation of all samples (89) for all chemical variables

This group is characterized by elevated concentrations

(11) is presented. It is readily seen that similar distribution

of Mn, Ni, Zn, As and Ba (anthropogenic origin for the

patterns are formed for the variables Fe and Al with slight

ﬁrst four of them, while Ba is attributed to the geological

resemblance with Cu and B, then V and Cr, Ni and As, Mn

background).

and Zn. The distribution for Ba is different from the other pat-

2. In Group 2 (total 17 objects), again Marathon and Iliki

terns. Moreover, the discriminating power of some variables

are grouped together; however, only one object is
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Kohonen network: component planes for all variables (11) and all samples (89). The full color version of this ﬁgure is available online at http://www.iwaponline.com/jws/toc.htm.
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agricultural) sources. Indeed, Mornos accepts mainly rainfall and water from all the surrounding water bodies
(rivers, tributaries and streams). On the contrary, Iliki is
the major receiving body of all the run-off waters in the
Kopaida plain that is intensively cultivated. Additionally,
adjacent mining industries affect the water quality of the
lake. Marathon is surrounded by small municipalities and
agricultural areas are moderately cultivated.

CONCLUSIONS
Figure 6

|

Kohonen network: hit diagram with all samples (89) and separation by
sampling sites, all sites (Iliki – RED, Mornos – GREEN, Marathon – BLUE). The
full color version of this ﬁgure is available online at http://www.iwaponline.
com/jws/toc.htm.

ANNs (three different architectures) have been applied in
the same data set concerning metal and metalloids from
the three water reservoirs of Athens. Optimized BP-MLP,
RBF and Kohonen models allowed the discrimination of

assigned in Marathon and 16 objects are assigned to Iliki.

surface water samples from the reservoirs of Athens, accord-

This group is characterized by elevated concentrations of

ing their origin, using only three parameters (V, Ni and As)

Fe, B, Al, V, Cr and Cu (anthropogenic inputs due to

or all of them (Kohonen model).

agricultural and/or industrial activities).

Particularly, for the BP-MLP and RBF models, only one

3. In Group 3 (total 52 objects), one could ﬁnd again objects

failure out of the 14 new samples (not used in the models’

from two lakes (Mornos and Marathon). However, here,

construction) was recorded. This deviation was absolutely

Mornos objects are in the majority (42) and the rest are

justiﬁed due to the composition change of a speciﬁc

derived from Marathon (10). These are background

sample from Marathon lake. The ANN models gave excel-

objects with lowest concentrations of the metals.

lent

results

having

exploited

only

three

variables.

Obtaining results for models with only three variables (comMore details about the origin of the metals and metalloids (source identiﬁcation through factor analysis can be
found in previous work; Farmaki et al. ()).

pared to 11 or initially 13 elements) is economically favored,
especially when routine monitoring is considered.
Concluding, supervised ANN techniques succeeded in:

It is apparent that the three lakes are mixed within the

(1) successfully assigning the sampling sites into groups; (2)

groups. The majority of the neurons seem ‘pure’, as they

classifying new samples by constructing a robust and accu-

accept hits by one lake. Thus, only ﬁve neurons from a total

rate model; and (3) evaluating the critical variables. The

of 33 populated neurons (Figure 6) accept hits from two

optimization processes on ANN models can assess the

lakes (four neurons are hit by Marathon and Mornos and

available variables, eliminating the abundant ones.

one from Marathon and Iliki). The ﬁrst four of them are hit

The Kohonen unsupervised technique seemed to sur-

by the sample from site no. 12 of Marathon (Table 1) that

pass the other tested ANN techniques, having excellent

during the sampling period contained water from a stream

visualization abilities and better interpreting the initial infor-

coming from Mornos. As a result, the water quality in this

mation.

site represented Mornos (although nominally is recorded as

variables and objects in a two-dimensional space preserving

Marathon). The ‘mixing’ of sites is thus expected. So, Group

the topological structure, while in the case of linear princi-

3 seems to contain only Mornos samples.

pal component analysis (PCA), this does not always prove

Generally,

Kohonen

technique

may

project

Generally, Mornos differs in quality from the other two

to be successful (Brodnjak-Vončina et al. ; Marini

lakes, being less polluted. The other two lakes are inﬂuenced

). Since Kohonen networks are a non-linear mapping

by natural (geological) and anthropogenic (industrial and

technique, there can be cases where they provide a clearer
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separation among the samples than PCA. Compared with
CA, Kohonen networks can be applied as a supervised technique and classify new samples. Kohonen networks can
model and consequently classify an unknown sample in
the area of the already designed map.
Concluding, ANN models, free of traditional assumptions (like normal distribution or an abundant number of
variables), seem to be suitable for complex non-linear problems concerning prediction, modeling and classiﬁcation.
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