
Introduction

Photocatalytic oxidative degradation of organic pollutants in
aerated aqueous solutions using TiO2 dispersions has
attracted considerable interest during the last decade [1-4].
TiO2 photocatalysis is considered as one of the promising
Advanced Oxidation Processes (AOP) for remediation of
industrial waste waters and ground waters contaminated with
non biodegradable and/or toxic chemicals. 

Adsorption phenomena and absorption of incident radia-
tion play a critical role in heterogeneous photocatalysis and
are largely dependent on the experimental conditions. At low
substrate concentrations, the initial degradation rate usually
follows a Langmuir-Hinshelwood adsorption type kinetic
model (see e.g. [5,6], and substrate degradation as a func-
tion of irradiation time may be fitted to simple apparent
kinetic orders (pseudo-zero [7] or first-order [8]), as
observed for a number of aromatic compounds [9,10]. A rig-
orous kinetic approach has shown, however, that the
observed disappearance of the substrate may follow kinetics
of different orders depending on experimental conditions
(especially catalyst and substrate concentrations) and that the
experimental error may result in confusing a rather complex
dependence with a simple one [11]. Complex degradation
kinetics may result, for example, in the case of the photo-
catalytic treatment of highly charged industrial waste waters,
where competitive absorption of UV radiation by TiO2 and
by e.g. aromatic substances occurs. 

During the last decade, the number of applications of arti-
ficial neural networks has been growing steadily for classi-
fication (pattern recognition, spectra, medical categories,
customer/market profiles, ...), forecasting (sales, stock-mar-
ket, economic indicators, prediction of any time based vari-

able...), and for predictive modeling (process control,
dynamic systems, robot control, ...) [12,13]. In spite of their
extremely simplified structure compared to biological neural
networks, artificial neural networks are able to mimic some
of the information processing and learning abilities of the
human brain. They have the ability to “learn” and record lin-
ear and non linear behaviors of a system from a set of exper-
imental data (e.g., processing conditions and corresponding
response(s)). They do not require the knowledge of the phys-
ical and chemical laws that govern the system. Therefore,
they may be extremely useful for simulating complex
processes, such as photochemical processes [14,15], which
would otherwise be very difficult to model using differential
phenomenological equations. 

In a previous publication [16], we have reported the mod-
eling of the effects of the concentrations of TiO2 and of 2,4-
dihydroxybenzoic acid (DHBA), chosen as a model pollu-
tant, on the degradation rate of DHBA. The experiments
were planned according to the experimental design method-
ology which provides the means for building a statistically
significant model of a phenomenon by performing a mini-
mum set of appropriately chosen experiments [17-19]. We
have shown [16] that a Doehlert uniform array associated to
a quadratic polynomial model may be used to adequately
represent the efficiency of the TiO2 photocatalytic degrada-
tion of DHBA in aqueous solutions in the concentration
ranges investigated. However, two empirical models had to
be used: a kinetic model for representing the DHBA disap-
pearance as a function of time (kap) and a polynomial model
for the variation of kap as a function of the TiO2 and the ini-
tial DHBA concentrations. We report here the analysis of the
same series of planned experiments using artificial neural
networks which do not require the use of any kinetic or 
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phenomenological equations [20]. Therefore, direct model-
ing of the DHBA disappearance as a function of irradiation
time in the different experimental conditions investigated
was possible. 

Materials and methods

Experimentation

The experimental set-up used for the photocatalytic degra-
dation of DHBA and the analytical procedures have already
been described in detail [16]. Briefly, irradiation was carried
out in an annular reactor containing 0.25 L of solution at a
temperature of 20(±0.5) °C. A medium pressure mercury arc
(Philips HPK 125 W) was positioned in the axis of the reac-
tor. The solution was magnetically stirred before and during
irradiation and permanently saturated with oxygen. The
DHBA concentration was varied between 210 mg L–1 (1.36
× 10–3 mol L–1) and 594 mg L–1 (3.9 × 10–3 mol L–1) and
that of TiO2 between 1.75 g L–1 and 4.25 g L–1. Samples of
the reaction mixture were taken at regular time intervals dur-
ing irradiation, filtered and analyzed by HPLC in order to
determine DHBA concentrations in solution as a function of
irradiation time (total irradiation time: 3 hours). 

Adsorption experiments in the dark were performed in order
to determine the DHBA fraction adsorbed on the TiO2 sur-
face at equilibrium. The TiO2 and DHBA concentrations for
these experiments were identical to those used for the irra-
diation experiments. The solutions were stirred for 3 hours,
and samples taken at regular time intervals were filtered and
analyzed by absorption spectrophotometry. Adsorption equi-
librium was reached within 10 minutes (or less) in all cases,
and we found that on average 6.7 mg of DHBA were
adsorbed per g of TiO2 (standard deviation: 1.3 mg), what-
ever the concentrations of DHBA and TiO2 in the ranges
investigated. This value was used for calculating the initial
concentration of DHBA in solution at adsorption equilibrium
([DHBA] 0,eq), in cases where it was not measured 
experimentally. 

Experimental data acquisition for neural network
modeling

Experimental data used for the neural network calculations
were obtained by performing the series of designed experi-
ments (Doehlert uniform array) reported in 16. The 7 exper-
iments to be performed in the case of two variables (here
the initial concentration of DHBA introduced, [DHBA]0, and
the TiO2 concentration, [TiO2], are uniformly distributed and,
in coded variables, may be represented by the apexes and
the center of a hexagon (Tab. I). An additional control exper-
iment was carried out (experiment 8) and the experiment at
the center of the experimental region was repeated three
times (experiment 7). For each experiment, the DHBA con-
centrations in solution at various irradiation times ([DHBA]t)
were determined by HPLC (vide supra). From the replica-
tions at the center, the standard error for [DHBA]t was esti-
mated to be ± 20 mg L–1. Therefore, measured values of
[DHBA] t lower than 20 mg L–1 were not included in the cal-
culations. Results are listed in Table II.
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Table I. Initial concentration of DHBA introduced ([DHBA]0, U1)
and TiO2 concentration ([TiO2], U2) for the experiments of the
Doehlert uniform array (Nos. 1 to 7) and for the control experi-
ment (No. 8) (corresponding values of coded variables for the
Doehlert matrix,Xi, are also given).

Experiment [DHBA]0 [TiO2] X1 * X2 *
No. U1 (mg L–1) U2 (g L–1)

1 594 3 1 0

2 210 3 – 1 0

3 498 4.25 0.5 0.866

4 306 1.75 – 0.5 – 0.866

5 498 1.75 0.5 – 0.866

6 306 4.25 – 0.5 0.866

7 402 3 0 0

8 350 2 – 0.27 – 0.69

*Xi = (Ui – Ui0)/∆Ui where Ui0 is the value of Ui at the center of the exper-
imental region (= (Ui,max + Ui,min)/2) and ∆Ui the step (= (Ui,max – U i,min)/2).

Table II. Concentrations of DHBA in solution at various irradia-
tion times ([DHBA]t, output variable chosen for the neural network
calculations) for the experiments of the Doehlert uniform array
(Nos. 1 to 7) and for the control experiment (No. 8) ([DHBA]t=0 =
[DHBA] 0).

No. 1 No. 2 No. 3 No. 4
Time [DHBA]t Time [DHBA]t Time [DHBA]t Time [DHBA]t
(min) (mg L–1) (min) (mg L–1) (min) (mg L–1) (min) (mg L–1)

0 594 0 200 0 498 0 306

15 546 15 123 16 426 25 251

45 476 30 91 30 372 45 176

59 422 45 51 47 349 63 144

75 387 60 20 59 320 81 94

90 363 75 266 100 63

105 315 90 229 127 20

120 278 107 202

180 182 120 177

150 120

180 45

No. 5 No. 6 No. 7 No. 8
(average values) (control)

Time [DHBA]t Time [DHBA]t Time [DHBA]t Time [DHBA]t
(min) (mg L–1) (min) (mg L–1) (min) (mg L–1) (min) (mg L–1)

0 498 0 306 0 402 0 350

15 445 19 211 15 343 5 324

30 388 40 162 30 292 15 312

50 345 60 116 45 238 30 266

60 296 80 57 60 222 45 221

76 285 75 186 61 187

90 251 90 157 90 109

105 225 105 120

120 211 120 81

150 171

180 118



Artificial neural networks

Neural network structure

In general, an artificial neural network consists of process-
ing units (nodes or neurons) and information flow channels
between the neurons, usually denominated interconnects.
The most widely used networks for modeling purposes (non
dynamic models) are “feed-forward” networks in which
information propagates only in one direction, consisting of
three layers: input, hidden and output layers (Fig. 1). The
neurons in the input layer (boxes in Fig. 1) store the inde-
pendent (input) variables (xi) which are characteristic of the
system investigated. 

Each processing neuron (circles in Fig. 1) in the hidden
layer first calculates the weighed sum of all interconnected
signals from the input layer plus a bias term (Sj, Eq. (1)),
and then generates an output (Oj) through its activation func-
tion (e.g. a sigma function f(α), Eq. (2)). 

(1)

where Sj is the input of the j-neuron of the hidden layer,wi,j,
the weight between the i-neuron of the input layer and the
j-neuron of the hidden layer,xi, the normalized input vari-
able to the i-neuron.

Oj = f(Sj) (2)

with f(α) = 1 / (1 + e–α).

Similarly, each processing neuron (circles in Fig. 1) in the
output layer calculates the weighed sum of all intercon-
nected signals from the hidden layer plus a bias term (Sk,
Eq. (3)), and then generates an output (Ok) through the
sigma function. 

(3)

where wj,k is the weight between the j-neuron of the hidden
layer and the k-neuron of the output layer and m is the num-
ber of neurons in the hidden layer.

The network output consists of one value (or more gen-
erally of a series of values),Ok, which represents the
response variable (or response variables) calculated by the
network. 

Neural network training

The network “learns” by making changes in its weights in
order to reach a convergence between the response values
Ok calculated by the network and the experimental responses
yk. At present, the most extensively adopted algorithm for
the learning phase is the back-propagation algorithm [12,13],
which is a generalization of the steepest descent method. A
series of normalized input-output pairs of experimental data
(x,y) are used for training the network (training set) and the
weights (wu,v) are modified by an iterative technique in order
to minimize the quadratic deviation E defined as:

(4)

where p is the number of output variables and r the number
of input-output pairs of experimental data.

In the back-propagation algorithm, the weights between
the hidden and output layers are adjusted first at each iter-
ation (training cycle). Subsequently, the weights between the
input and hidden layers are changed. After presentation of
the first input-output pair, the second pair is processed and
so on. More details on the specific procedure used in this
work may be found in [14,21,22]. For testing the network,
only values of the input variables are fed to the network and
the quadratic deviation is calculated (Eq. (4)) as a measure
of the predictive capacity of the given network. The network
is tested and validated by comparing its predicted output val-
ues with the experimental values on an independent set of
data (test set).

The success in obtaining a reliable and robust network
depends strongly on a judicious choice of the process vari-
ables involved, as well as on the available set of experi-
mental data used for training purposes [13,14]. In particular,
it is extremely important for suitable neural network model-
ing that the input data be adequately distributed in the exper-
imental region. The experimental design methodology may
therefore be advantageously applied to the choice of an
appropriate set of experiments, the data being subsequently
treated using both a classical polynomial model and neural
network modeling. Such an approach was also proposed for
PC-based software, combining the use of central composite
or simplex designs with neural network analysis [23].
Recently, the use of neural networks was proposed for
selecting optimal experimental designs and the experimental
design methodology was applied to the optimization of
neural network parameters [24]. 

Results and discussion

Neural network development

The neural network software used in this work was devel-
oped by one of the authors (C.A.O. Nascimento, [14]). 

r p

E    =    Σ      Σ     (yk 
(l  )  −  Ok  (l  )) 2

l = 1 k =1

m

Sk    =  Σ wj,k  Oj    +   wm+1,k 
j = 1

n

Sj    =  Σ wi,j  xi    +   wn+1, j  
i = 1
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Fig. 1. Structure of a “feed-forward” artificial neural network.



Input and output variables

Three input variables to the network have been chosen:

• the concentration of DHBA introduced in the aqueous
solution (U1 = [DHBA] 0),

• the concentration of TiO2 (U2 = [TiO2]) and 

• the irradiation time (U3 = t). 

In the present case, [DHBA]t is the only output variable.
Normalized values of input and output variables (xi and y,
respectively) have been used in equations (1) to (4).
Variables have been normalized in the range 0.1 to 0.9 as
shown in equation (5) for input variables.

xi = 0.1 + (Ui – Ui, min) (0.9 – 0.1) / (Ui, max – Ui, min) . (5) 

The minimum and maximum values of each variable are
given in Table III.

For given values of [DHBA]0 and [TiO2], i.e. for each
experimental point of the Doehlert array (experiments 1 to
7, Tab. I), there are a series of input-output pairs of experi-
mental data (x, y) for the neural network which correspond
to the different irradiation times (Tab. II). Note that, in the
present case, there is only one neuron in the output layer of
the neural network, since there is only one output variable
([DHBA] t). For the neural network calculations, the concen-
tration of DHBA in solution at t = 0 ([DHBA]t=0) was taken
equal to [DHBA]0 or to [DHBA]0,eq (concentration of DHBA
in solution at adsorption equilibrium, see Experimentation).

Neural network training

One input-output pair of data (x, y) for training the network
consisted of 4 values (three for the input variables x
([DHBA] 0 , [TiO2], t) and one for the corresponding output
variable y ([DHBA] t)). Results at different irradiation times
for a given experiment (chosen among experiments 1 to 7,
Tab. II) have been distributed into the training set and the
test set. In general, data at times t = 0 and t = 180 min (or
time t corresponding to the smallest [DHBA]t measured)
have been included into the training set and intermediate
data have been alternatively put into the training and test sets
(two replications of experiment No. 7 have been used).
Among the 66 pairs of data used, 40 have been included into
the training set and 26 into the test set. 

As mentioned in the previous paragraph, neural network
calculations were carried out using [DHBA]t=0 = [DHBA] 0 or
[DHBA] t=0 = [DHBA] 0,eq. Despite the fact that in principle

these two informations should be equivalent for the network,
we obtained better results for fitting the data as well as for
prediction (with the same number of neurons in the hidden
layer and the same number of training cycles) when using
[DHBA] t=0 = [DHBA] 0,eq, in particular for the control exper-
iment No. 8 which was included neither in the training set
nor in the test set. 

An important step in the calculation process is the deter-
mination of the adequate number of neurons in the hidden
layer, according to the criterion of minimum quadratic devi-
ation between the experimental results and the calculated
outputs from the network (Eq. (4)), whilst avoiding over-fit-
ting problems [13,25]. This may be achieved by using a min-
imum number of neurons in the hidden layer as well as an
adequate number of training cycles, which provide the low-
est error in the test set. In the present work, it has been
found that the use of 4 neurons in the hidden layer with 
20 000 training cycles provided the best results. Similar
results have been obtained by using up to 6 neurons in the
hidden layer. With 4 neurons, a total of 21 weights are cal-
culated: 16 between the input and hidden layers (3 weights
plus a bias for each neuron of the hidden layer) and 5
between the hidden and output layers (4 weights plus a bias).
The corresponding weights obtained from the training set are
given in matrices W1 and W2 respectively. Note that the test
set was only used as a control and not for calculating the
weights. 

|
5.57 1.97 – 0.017 – 1.17

| |
– 2.94

|W1 = 0.230 – 0.515 1.92 1.52 W2 = – 5.79

0.348 – 1.91 – 2.44 0.993 5.22

0.997 0.941 0.473 0.988 2.65

0.776

Figure 2 shows a good fit between the ensemble of exper-
imental values of [DHBA]t (taking into account experimen-
tal error) and the corresponding values calculated for the
training set and the test set with the 4 neurons network,
using the weights listed in matrices W1 and W2. 
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Table III. Minimum and maximum values of input and output vari-
ables for the calculation of the normalized values of the neural net-
work input (xi) and output variables (y) (Eq. (5)).

[DHBA]0 [TiO2] t [DHBA] t

U1 (mg L–1) U2 (g L–1) U3 (min) (mg L–1)

Ui,min 200 1.75 0 –

Ui ,max 600 4.25 180 –

[DHBA] t,min – – – 0

[DHBA] t,max – – – 588a

a Corresponds to [DHBA]t=0 = [DHBA] 0,eq at [DHBA]0 = 600 mg L–1.

Fig. 2. Values of the concentration of DHBA at various irradiation
times ([DHBA]t) calculated for the training set and for the test set
by the 4 neurons network (matrices of weights W1 and W2) as a
function of the corresponding experimental values.

Experimental values
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Neural network simulation

In Figure 3, we have represented the plots of [DHBA]t as a
function of irradiation time for experiments Nos. 1 to 4 and
experiment No. 7, including experimental values of [DHBA]t

and values calculated for the training set and the test set with
the 4 neurons network.

Figure 4 shows the neural network predicted values of
[DHBA] t as a function of irradiation time for control exper-
iment No. 8, compared to experimental values. Within exper-
imental error, a reasonable fit is also observed in this case,
although this experiment was neither included in the train-
ing set nor in the test set. 

The neural network allows prediction of the DHBA con-
centration in solution at any irradiation time within the lim-
its of the experimental region investigated. Using these data,
initial rates of DHBA degradation have been computed for
a series of combinations of [TiO2] and [DHBA]0 in this same
experimental region. Figure 5 shows a three-dimensional
representation of the initial rate response surface. The high-
est initial degradation rates have been found for concentra-
tions of TiO2 between 2.25 and 2.75 g L–1 and initial con-
centrations of DHBA between 280 mg L–1 and 320 mg L–1.
In this domain, the best compromise is found between
[DHBA] 0 and [TiO2], so that the incident radiation is mainly
absorbed by the photocatalyst. Increasing [DHBA]0 leads to
competing absorption by DHBA and thus to inner filter
effects which slow down the DHBA degradation rate
because of the low efficiency of DHBA photolysis [16].
Whereas increasing [TiO2] above the concentration where
maximum absorption of the incident radiation by the cata-
lyst occurs, leads to a leveling off of the degradation rate
[15,26-29]. 

Comparison of neural network and classical 
experimental design analyses

As indicated in the Introduction, in our previous publication
[16], we have used the experimental design methodology for
modeling the efficiency of DHBA degradation by TiO2 pho-
tocatalysis, as a function of the TiO2 and the initial DHBA
concentrations ([TiO2] and [DHBA]0, controlled variables).
The experiments were designed according to a Doehlert uni-
form array (Tab. I) which is associated to a quadratic poly-
nomial model and allows modeling of curve response sur-
faces [18,19]. Briefly, the procedure involved the following
steps, also summarized in Table IV:

• The disappearance of DHBA as a function of the irradi-
ation time was measured for the series of designed exper-
iments (Tab. I). 

• The apparent rate constant of DHBA disappearance (kap)
was chosen as an experimental response to represent the
efficiency of DHBA degradation: the best fits for the
ensemble of experiments were obtained using an appar-
ent order of 0.5 for the DHBA concentration (Eq. (6)).

[DHBA] 0.5 = [DHBA] 0
0.5 – (kap/2) t (6)

• The coefficients of the quadratic polynomial model rep-
resenting the variations of kap as a function of [TiO2] and
[DHBA] 0 (Eq. (7)) were calculated by the least-square
method (regression analysis) [30]. 

kap = b0 + b1 X1 + b2 X2 + b11 X1
2 + b22

2 X2
2 + b12 X1 X2

= 0.175 – 0.099 X1 + 0.022 X2 + 0.052 X1
2 (7)

– 0.013 X2
2 – 0.016 X1 X2

where X1 and X2 are the coded (centered and reduced) vari-
ables representing [DHBA]0 and [TiO2], respectively (Tab. I).
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Fig. 3. Evolution of the DHBA concentration as a function of irra-
diation time for experiments Nos. 1 to 4 and experiment No. 7:
experimental values, as well as values calculated for the training
set and the test set by the 4 neurons network, are indicated.

Fig. 4. Comparison of neural network prediction and experimental
data for control experiment No. 8.

Fig. 5. Three-dimensional representation of the variation of initial
rates of DHBA degradation as a function of the TiO2 amount and
the DHBA initial concentration (4 neurons network, weights given
in matrices W1 and W2).
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• Values of kap calculated with the model were in good
agreement with results of the experiments used to esti-
mate the coefficients of the model, as well as with those
of the control experiment (No. 8) (Tab. I). 

• The contour plot (curves of constant response) and the
three-dimensional response surface for kap were repre-
sented. Two main conclusions were reached as a result of
this study: in the range of concentrations investigated, the
influence of [DHBA]0 is more important than that of the
concentration of TiO2; at high TiO2 concentrations, a
plateau is reached for the degradation efficiency so that
no benefit is obtained by increasing the TiO2 concentra-
tion above 3.5 g L–1, these observations being in agree-
ment with literature results. 

A neural network approach would not have been possible
using kap as an output variable, due the limited number of
input-output data pairs (7 different experimental points) in
this case [13]. However, using as output variable the DHBA
concentration measured at each irradiation time for each of
the seven experiments of the Doehlert matrix ([DHBA]t) pro-
vided a much larger number of input-output data pairs (Tab.
IV). We have shown that, under those conditions, the neural
network, once trained, is able to simulate the kinetics of
DHBA disappearance without the use of any empirical
model. Although the data are highly correlated in our case,
good simulations may be obtained provided that the number
of neurons in the hidden layer and the number of training
cycles are adequately chosen [13,25]. The fact that no math-
ematical model is necessary represents one of the main
advantages of the neural network approach: indeed in cases
where no common order may be found for the disappear-
ance of the substrate of interest (which could arise for a
larger range of substrate concentrations), the choice of an
experimental response for the polynomial model (Eq. (7)) is
difficult (a possible choice would be the concentration of
sustrate remaining at a given irradiation time, but a large
amount of information is then lost leading to larger errors

on the coefficients of the polynomial model). It should be
noted however that in the neural network approach it is very
difficult to interpret the values of the weights in terms of the
relative influence of the different input variables on the phe-
nomenon investigated, due to the important interconnection
of the different signals transmitted between input, hidden
and output layers (Eqs. (1) and (3)) [13]. The use of a global
representation of the kinetics (by an apparent rate constant
for example) has the advantage of giving the possibility to
compare contributions of linear and quadratic terms in the
polynomial model (degree of curvature) and to evaluate the
relative influence of the different variables. The comparison
between neural network and experimental design analyses in
the context of the present work is summarized in table IV.

Conclusion

We have modeled the degradation efficiency of a model
water pollutant (DHBA) by TiO2 photocatalysis, as a func-
tion of the TiO2 and the initial DHBA concentrations, using
the combination of experimental design methodology [16]
and neural network analysis. In the experimental design
approach, a global analysis was carried out using the appar-
ent rate constant of pollutant disappearance (kap) to represent
the degradation efficieny. In this work, we have shown that
neural network analysis of the same experimental data
allows simulation of the evolution of the DHBA concentra-
tion as a function of irradiation time, as well as prediction
of reaction rates, under any conditions within the experi-
mental region investigated. Development of processes for the
degradation of organic contaminants in industrial waste
waters at pilot and/or production levels requires the opti-
mization of experimental conditions, so that a given volume
of contaminated water may be treated in the required period
of time at a minimum cost [15,31]. A combination of
designed experiments, which are well distributed in the
experimental region, and of data analysis by both polyno-
mial models and artificial neural networks, may be of great
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Table IV. Comparison of classical experimental design and neural network analyses of the efficiency of DHBA degradation by photo-
catalysis as a function of [DHBA]0 and [TiO2] (t: irradiation time).

Experimental design analysis (polynomial model)

Controlled Experimental Experimental Polynomial After validation,
variables data response model prediction of 

[DHBA] 0 [DHBA] = f (t) for kap kap = f([DHBA] 0, [TiO2]) kap

[TiO2] the 7 experiments deduced from kinetic for any [DHBA]0 and [TiO2]
of the Doehlert matrix, model for each of in the experimental region

plus 2 replications the designed experiments investigated

(9 values, i.e. 9 variables-
response data pairs)

Neural network analysis (simulation)

Input Experimental Output Neural network After validation,
variables data variable training simulation of 

[DHBA] 0 [DHBA] = f (t) [DHBA] t [DHBA] = f (t ) 
[TiO2] for the 7 experiments (66 values, i.e. Matrices of weights for any [DHBA]0 and [TiO2]
t of the Doehlert matrix, 66 input-output data pairs) in the experimental region

plus 2 replications) investigated



help in decreasing experimentation time and costs for opti-
mization. We have also successfully followed this strategy
for the modeling and optimization of a light-enhanced
Fenton reaction applied to the oxidative degradation of
organic contaminants in aqueous solutions [20].
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