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Abstract

A brief introduction into arti®cial neural networks (ANNs) is given, with emphasis on counter-propagation learning

strategy, as well as their use for the purpose of modeling and optimization of H2O2/UV decoloration process. The use
of Plackett±Burman partial factorial design for seven variables on three di�erent levels, for the selection of experi-
ments, needed to calculate the signi®cance of variables, is described. Results of learning with Kohonen ANN are

described, and the best prediction assembly suggested. # 1999 Elsevier Science Ltd. All rights reserved.
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1. Introduction

E�uents of dye manufacturers and dye user
companies are usually highly polluted with di�er-
ent types of dyes. Even though there are not many
dyes that are proven to be carcinogenic for
humans, the extent of dyes in surface waters is
rising, and methods for their removal need to be
evaluated. Due to the large number of di�erent
dyes that are available on the market at present
(over 3000) [1], it is almost impossible to ®nd a
perfect method which would satisfactorily purify
the waste-waters, regardless of the chemical nature
of the pollutant. Many possibilities have been
reported [2], but these are more or less selective.

Even for the same dye, the decoloration process
may depend on many di�erent factors. For a

decoloration process, one usually has to consider
the time needed for the decoloration to be com-
pleted, i.e. the time needed for the dye to be either
completely removed or to be removed up to a
reasonable amount. It is desired that this time is as
short as possible. For these reasons our research
group wanted to optimize the decoloration pro-
cess, which implies that a model to predict the
time needed for decoloration to conclude had to
be obtained.

Modeling of the decoloration process involves
many problems, since the process depends on
many factors, i.e. we are dealing with a multi-
variate system. Furthermore, the concentration of
the dye is not the only parameter of interest; eco-
logical parameters such as COD, BOD and TOC,
are also important. This means our system is also
a multi-response one. It is also evident that these
problems cannot be solved by simple linear multi-
variate correlation [3]. Recently, arti®cial neural
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networks (ANNs) represent a set of methods that
may be useful in solving such problems [4±9].

Therefore, our modeling was done by means of
ANNs; the procedures used and results obtained
from this approach are shown in this present
paper.

2. Theory

2.1. Arti®cial neural network

In standard terms, a model is a set of analytical
functions, describing relationships between input
and output variables, ®tting experimental data. In
other words, with inputs XS and outputs TS, we
need to obtain fi (XS) functions, which will for
each input vector XS, represented with m variables
(xS

1; x
S
2; :::x

S
i ; :::x

S
m), give values yS

i , that will di�er-
entiate from the real outputs tSi as little as possible
(Fig. 1). Models may be mechanical, empirical or
based on arti®cial neural network.

It is di�cult to describe, in a simple way, what
ANNs are. The basic concept of ANN is an
ensemble of arti®cial neurons, simulated on a
computer. The function representing an arti®cial
neuron in ANN acts similarly to the action of a
biological neuron. It accepts signals (XS) from
neighbouring neurons, processes them in a pre-
de®ned way, and, depending on the outcome of
this processing, neuron j decides whether to `®re'

an output signal (yj) or not (Fig. 2). The output
signal can be either 0 or 1 when dealing with
binary neurons, or any real value between 0 and 1
when dealing with `real value' neurons, and is cal-
culated as follows:

yS
j � outj � 1

1� exp ÿPm
i�1

wjix
S
i

� � �1�

where
j=neuron j;
m=number of variables in input vectorXS;
wji=weight in neuron j for i-th variable in input

vector;
xi

S=ith variable in input vector XS:

Weights wji are coe�cients in the jth arti®cial
neuron, which are analogous to synapse strengths
between the axons and dendrites in real biological
neurons. Therefore, each weight decides what
proportion of the incoming signal will be trans-
mitted into the neuron's body [10]. However, it
should be pointed out, that all arti®cial neurons
are simulated by the same function.

The essence of modeling with ANN is the
`supervised learning' of neurons. `Supervised
learning' de®nes the training procedure in which
input and output (requested response) values are
known in advance, and are both used during the
learning phase. It basically means adjusting the

Fig. 1. The relation between input and output variables at modeling.
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weights in neurons with regard to the di�erence
between the outputs, predicted by the model (sys-
tem), and the actual responses. The model corrects
itself in such a way that in the next run the outputs
will be predicted better, i.e. the di�erence between
predicted outputs and actual responses will be
smaller. This means that for each step, the perfor-
mance of the model is improved with regard to
the previous step. These steps are continuously
repeated until

a. the di�erence for all input vectors XS

between the model and actual responses are
within certain tolerance limits, or

b. the iteration quota (the number of learning
attempts) is exceeded [11].

For the ANNs there are two supervised learning
strategies, viz. (a) error back-propagation and (b)
counter-propagation.

Although they have similar names, they are
quite di�erent when understanding the procedures
for adapting weights in neurons. The former has a
disadvantage in that the trained weights in neu-
rons, representing the ®nal synapse strengths, do
not have any speci®c meaning or relevance to the

problem the ANN is supposed to solve. This de®-
ciency is not the case with the latter learning
strategy, which is why it was used for the modeling
used in our waste-water decoloration process. The
disadvantage of the counter-propagation ANN is
that, on average, it gives slightly worse responses
than error back-propagation ANN.

The counter-propagation network is a multi-
layer one, namely, it has two layers, viz. (a) the
input layer (also called the Kohonen layer) and
(b) the output layer (Fig. 3). Each single neuron
in the input layer is connected to the neuron in
the output layer, at exactly the same topological
location.

With counter-propagation learning strategy,
both the input and target values are input into the
network. The available data need to be divided
into more sets [4]. These sets are called training,
control (or ®ne tuning) and test set. As evident
from the name, the ®rst set is used for training the
net. The weights in the input layer neurons are
adapted according to the input vector XS, while
weights in the output layer neurons are adapted
according to the target vector TS. Each step of the
counter-propagation learning strategy consists of
four acts, viz.

Fig. 2. Schematic representation of an arti®cial neuron j.
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i. input vector XS enters the Kohonen layer
and locates the central neuron with weights
that are the most similar to the input vari-
ables [Eq. (2)];

ii. all the weights in the central neuron, and in a
certain neighbourhood of a central neuron,
are corrected according to Eq. (3);

iii. the position of the central neuron `points
out' the neuron in the output layer which the
target vector T should enter;

iv. all weights in the central neuron and in a cer-
tain neighborhood of a central neuron in the
output layer are corrected according to Eq. (4).

These four acts are repeated for each object±target
pair until all the pairs are sent through the netÐat
this point, one epoch of learning is accomplished.
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where
K = weights in the Kohonen layer;
o = weights in the output layer;

c = central neuron;
nt = number of iteration steps;
� nt� � = function monotonically decreasing

between the two pre-de®ned values
amax and amin with increasing num-
ber of iteration steps;

rc ÿ rj = topological distance of neuron j
from the central neuron c;

a(rcÿrj, nt)= neighborhood function de®ning the
percentage of actual correction
(between 0 and 1) of the weight in
neuron.

Eqs. (3) and (4) are practically the same, with
the exception of the component used for correc-
tion calculation [xsj in Eq. (3) and tsj in Eq. (4) for
correction of the weights in the Kohonen and
output layer, respectively].

The larger the distance rc ÿ rj, the smaller is the
correction of weights. At the beginning of the learn-
ing phase, the correction encompasses the weights of
all neurons in the network. During the learning pro-
cess, the size of the neighborhood in which weights in
neurons are corrected, is shrinking, until in the last
epoch only the weights of the central neuron are cor-
rected. Speed of shrinking depends on the number of
iteration steps [11]. Additionally, the corrections are
decreasing through the learning process.

The aim of this learning strategy is to make
`topologically close neurons', i.e. neurons that are

Fig. 3. Counter-propagation neural network architecture.
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located physically closely respond to similar inputs,
while neurons located far apart should respond to
di�erent inputs. Since, during the learning phase, the
answers are distributed over the entire assembly of
weights in the output layer neurons, this means that
each output neuron `learns' an answer, even if its
`pointer' in the Kohonen layer has never been excited
during the learning. Each plain level of network
therefore represents a two-dimensional map of a cer-
tain variable, and with overlapping of these maps,
correlation among the variables can be obtained [10].

2.2. Experimental design

It is desired that the training set consists of such
input data so that the individual objects are dis-
tributed over the entire measurement space as
evenly as possible. This means that all the vari-
ables should be represented evenly between the
possible maximum and minimum extreme values.
Dyeing charts always tolerate the addition of
individual chemicals added to the dye in a dye-
bath. If one would want to consider all the possi-
ble combinations of both dye concentration and
concentrations of all the chemicals, thousands of
experiments would need to be carried out to
determine the signi®cance of in¯uences and to
optimize the decoloration process.

In our previous work [12] we concluded there
were seven principal variables in¯uencing the
decoloration process. In general, the more vari-
ables, the more complicated is the model, there-
fore, we tried to reduce the number of the
variables. For this purpose we had to determine
the signi®cance of the in¯uence on each of these
seven variables. The in¯uence of a variable is sig-
ni®cant if the di�erence Di [Eqs. (5) and (6)] is
greater than experimental error. Since the number
of experiments needed to be carried out increases
exponentially with the number of variables,
already, from four variables on, it is almost
impossible to perform all the experiments that
would cover the whole experimental area. There-
fore an experimental design has to be made.

Dimax �
X4
j�1

yj �at oi�

4
ÿ
X4
j�1
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�at �i�
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4
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The experiments needed to determine the sig-
ni®cance of the variables' in¯uences were deter-
mined by Plackett±Burman partial factorial design
(Fig. 4) [3].

In this experimental design, each of the vari-
ables is four times at nominal and four times at
extreme level, of the latter once at maximum level
and at another time at minimum level. This
implies that for each variable the experiments are
divided into two groups: (i) in the ®rst group the
variable of interest has nominal level and (ii) in the
second group it has extreme level.

In each of the groups, all the other variables are
twice at nominal and twice at extreme level. By
comparing the averages the in¯uences of all the
rest of the variables are, therefore, zero. In¯uences
are calculated as shown in Eqs. (5) and (6).

3. Experimental

As has already been pointed out, the decolora-
tion of C.I. Reactive Red 120 [11] with the H2O2/
UV process depends on seven variables, namely:
(i) the intensity of UV lamp radiation; (ii) the
addition of hydrogen peroxide; (iii) decoloration
time; (iv) concentration of dye; (v) concentration
of salt; (vi) concentration of an alkali; (vii) con-
centration of an oxidizing agent.1

The intensity of UV radiation (i), the addition
of H2O2 (ii) and decoloration time (iii) depend on
dyebath composition (iv)±(vii), and the latter
depends on dye concentration in the dyebath, i.e.
the desired depth of color. With decoloration
processes, where named variables have di�erent
values, the responses (i)±(iv) also di�er a great deal:
(i) absorbance, (ii) COD (chemical oxygen demand),
(iii) TOC (total organic carbon) and (iv) TIC
(total inorganic carbon).

1 Lamberti Redoks L2C (LR L2C), which needs to the added

to the dyebath in order to prevent possible reduction of the dye

during the dyeing process.
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The purpose of modeling was, therefore, to
optimize the procedure in such a way that it would
be possible to `prescribe' the appropriate intensity
of UV-light and the addition of peroxide accord-
ing to the dyebath composition that is actually
used in the textile industry. With appropriate
decoloration conditions one has in mind the

optimum conditions in which the decoloration time
would be as short as possible, and also the perti-
nent ecological parameters.

The levels of input variables are given in Fig. 5.
The absorbance was measured spectrophoto-
metrically on an HP Diode Array Spectro-
photometer 8452A. The absorbance was measured

Fig. 4. Adopted Plackett±Burman partial factorial design for seven variables, used for the determination of variables' in¯uences in

upper and lower intervals.
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at the wavelength of maximum absorbance of the
dye, i.e. l=508nm. Ecological parameters COD,
TOC and TIC were also determined.

Decolorations were performed on a Solvay
Interox pilot plant [12].

4. Results

Values of absorbance and ecological parameters
for the experiments carried out following Plackett±
Burman partial factorial design are given in Fig. 6.

In Fig. 7 the in¯uences of individual variables
obtained from the di�erence between average
values at nominal and maximum levels (Di;max)
and at nominal and minimum levels (Di;min) are
given.

For modeling, neural assemblies with di�erent
numbers of neurons were used. Also, the value of

amax, as well as the number of iteration steps, has
been changed (Fig. 8). All other conditions were
the same all the time. As a result, we chose the
assembly which with cross-validation showed the
smallest di�erences between the predicted and the
real target values.

The rest of the conditions, that were constant all
the time were: number of weights in each neuron:
11; toroid boundary conditions: no; minimal cor-
rection factor (amin)=0.01; type of neighborhood
correction: triangular; furthest neuron for correc-
tions: linearly decreasing with increasing number of
epochs; type of the type of the best match: neuron
with weights most similar to the input.

It transpired that the results were best predicted
with an ANN architecture of 8� 8 neurons, the
value of maximal correction factor amax being 0.5
and at 200 epochs. The results of cross-validation
are given in Fig. 9.

Fig. 5. The levels of input variables for the decoloration with H2O2/UV.
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5. Discussion

It is evident from Fig. 7 that variables with
in¯uences on individual answers smaller than the
experimental error are rare. None of the variables
has a signi®cant in¯uence on all the answers. Dye
has no in¯uence on absorbance, but only for

experiments with variables at maximum level. For
the same experiments, UV irradiation has no
in¯uence on COD values. The latter have also no
in¯uence on COD values, and salt has no in¯uence
on TIC values, both valid for experiments with
variables at minimum level. In other words, all of the
variables have a signi®cant in¯uence on at least

Fig. 6. The input variables and corresponding output values obtained with H2O2/UV decoloration.
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one of the answers. As a consequence, all seven
variables had to be taken into account for modeling.

Although there are 49 neurons in the 7� 7
assembly, it transpired that they were not enough
for 15 experiments to be uniformly distributed
over it. Regardless of the number of epochs and
the value of maximal correction factor, in most of
the cases, two or even three experiments fell on the
same central neuron. Since the choice of a central
neuron depends on weights most similar to the
input, it is evident that some of the input±target
pairs were simply too alike for the neurons in the
7� 7 assembly to di�erentiate between them; this
is not acceptable for modeling purposes.

With the rest of the assemblies, it turned out the
outputs (Ymodel) are predicted well, after a certain
number of epochs is exceeded. In general the
predictions of outputs are better with a higher
value of maximal correction factor. With `better
predictions of outputs' one has in mind the pre-
diction error, which should be as small as possible,

and the `stabilizing' of the network (predicting
outputs that are totally equal to actual target
values), which should be achieved as soon as pos-
sible. With amax � 0:9 this already happens at 250
epochs, while with amax � 0:5 the assembly needs
twice as many iteration steps. This also means that
the conditions with lower values of maximal cor-
rection factor are more strict.

Nevertheless, also below the stated number of
epochs, the errors between predicted outputs and
actual targets are very small. With amax � 0:9 the
largest error is 6:1% (8� 8 neurons), and regard-
less of the size of the architecture, all the errors are
smaller than 0.6% at 150 epochs. The largest pre-
diction error, with a value of maximal correction
factor amax � 0:5, was made by 10� 10 neurons
network (approximately 26%). At 200 epochs the
errors for all ANN fall below 4%.

Part of the KCTRCVF [12] program is also a
cross-validation of the network. Cross-validation
is a standard procedure for error estimation in a

Fig. 7. In¯uences of individual variables on H2O2/UV decoloration.
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system with a small number of objects. Therefore,
the KCTRCVF program enables the network to
establish by self-checking, i.e. how well is it trained
and how capable it is in predicting accurate outputs
(Ymcv). For all the assemblies it established, the
output results are much better predicted for the
experiments with variables at maximum level, as
opposed to the predicted outputs for the experi-
ments with variables at minimum level, i.e. in the
latter case, the average errors were 23.2% larger.

Such results are probably the consequence of
di�erences in the experimentally determined out-
puts (Yexp). For experiments with variables on
maximum level, these di�erences are much smaller
than those for the experiments with variables on
minimum level. In the former case, the di�erence
between the largest and the smallest answer is
30%, while in latter case this di�erence is 80%. If
one has in mind, that with cross-validation, the
network predicts the outputs for the experiments
that were left out while learning, then di�erences in
output prediction errors for maximum and mini-
mum level are easy explainable. If di�erences
within outputs for variables with similar inputs are

small, di�erences between Yexp and Ymcv will be in
the same size class (maximum level), and if di�er-
ences within outputs for variables with similar
inputs are large, di�erences between Yexp and Ymcv

will also be larger, respectively (minimum level).
Maximum correction factor amax had no sig-

ni®cant in¯uence on learning of the 10� 10
assembly. Regardless of its value, all the experi-
ments are uniformly distributed over the assembly.
In general, prediction errors for the experiments
with variables in maximum level are smaller, with
amax � 0:5 compared to those with amax � 0:9.

At 9� 9 assembly, the in¯uence of maximum
correction factor is more perceivable. With amax �
0:5, two experiments fall on the same central
neuron more often than in the case with amax �
0:9. Obviously corrections with lower amax are too
small for the neurons to di�erentiate between two
di�erent experiments with similar variables.

Learning of 8� 8 assembly proved to be large
enough for the experiments to be uniformly dis-
tributed over it, as long as the maximum correction
factor and the number of epochs are adequate. As
a consequence, it was necessary to determine the

Fig. 8. The conditions of ANN learning.
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most appropriate value of the maximum correc-
tion factor. Learning of 8� 8 assembly was there-
fore carried out under the same conditions as
before, while amax was changed from 0.5 to 0.9,
with the step of 0.1.

The results showed that the amplitude of the
prediction error oscillation increases with increasing
maximum correction factor value, which con®rmed

earlier ®ndings. With increasing number of epochs,
the oscillation amplitude becomes even more evi-
dent. In view of these observations, amax � 0:5 was
chosen as the most appropriate value of the cor-
rection factor, while the number of epochs should
be less than 500. Nevertheless, `less than 500' is a
very wide range, so the 8� 8 assembly with
amax � 0:5 was run with 100±500 epochs, step of 5.

Fig. 9. Results of cross-validation for the speci®ed ANN and conditions used.
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After exceeding 300 epochs, the magnitude of
errors starts to follow a certain pattern, which is
observable at all the levels (nominal, maximal and
minimal). The pattern is very apparent in Fig. 10.

Experiments 9 and 12 fall on the same central
neuron at 330, 375, 420 and 465 epochs, i.e. every
45 epochs. Experiments 13 and 15 fall on the same
central neuron at 335, 345, 380, 390, 425, 435 and
470 epochs, i.e. every 10+35=45 epochs. More-
over, the prediction error for experiments with
variables on nominal level reaches relative extreme
value every 45 epochs. The pattern is therefore
repeated every 45 epochs. If the pattern starts at
330 epochs, it can be concluded that from this
number of repetitions on prediction, errors are
more or less indi�erent to the number of iteration
steps. Therefore it was reasonable to look for
optimal solution below 300 epochs.

Consequently it was established that the sum of
errors at predicting outputs after cross-validation
is the least at 200 epochs, which is why the 8� 8
assembly, with amax � 0:5 and 200 epochs, was
chosen as the best one for the H2O2/UV decol-
oration model.

6. Conclusions

Decoloration of C.I. Reactive Red 120 with
hydrogen peroxide, activated with UV beams was
evaluated with respect to seven factors. Mostly,

these factors have a negative in¯uence, which
means that the decoloration process is slowed
down. It is desirable for the industrial treatment of
waste waters to be reasonable from both an eco-
logical and an economical point of view. Conse-
quently the decoloration process needs to be
optimized, i.e. we have attempted to prescribe the
best conditions for the existing treatment. The
model that needs to be prescribed prior to optimi-
zation was to be e�ected by means of the arti®cial
neural network. Since modeling becomes more
complicated with increasing numbers of variables,
the reduction of the latter was desirable, which is
why the signi®cance of the variables needed to be
determined. Variables, that turned out as sig-
ni®cant ones, were introduced to a Kohonen net-
work.

As responses, absorbance was chosen, because it
gives information on the dye still remaining in the
treated water, as well as ecological parameters
(TIC, TOC and COD), that are considered to give
information on the toxicity of the waste-water. On
the basis of the results obtained, the following
conclusions can be made:

. After 8min, the absorbance for all the
experiments diminishes. Reduction of the
absorbance is larger for experiments with
variables on the minimal level, while for all
the experiments the reduction is larger with
more hydrogen peroxide, less alkali and less

Fig. 10. Cross-validation errors for Kohonen network (8� 8 assembly, amax � 0:5, epochs in step of 5).
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oxidizing agent (LR L2C) present in the
bath. Alkali and oxidizing agent have the
greatest in¯uence on the absorbance.

. As expected, TOC values are greater in baths
with more dye and more oxidizing agent
present; both substances cause higher values
of TIC.

. After 8min, COD values remain practically
the same, which probably means, that the time
is not su�cient for the dye to degrade into
ecologically unobjectionable products, but only
up to triazine derivatives and/or other aromatic
amines, which are ecologically objectionable.
The greatest in¯uence on COD is salt.

. In¯uences of all the variables are greater
than the experimental bias, which means that
all of them are signi®cant, and need to be
taken into consideration for optimization.

. Kohonen assembly with 7� 7 neurons turned
out to be too small for all the 15 experiments
to evenly distribute over it; 9� 9 and 10� 10
assemblies are suitable, but not optimal.

. The best prediction results for H2O2/UV
decoloration were obtained with a network
of 64 (8� 8) neurons, with 200 epochs and a
value of the maximal correction factor 0.5.

. The estimated error, using cross-validation,
is 20%.
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