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Abstract

In this study, the degradation rate constants of humic substances by ozonation under the different empirical conditions such as ozone-air flow
rate, ozone generation potential, pH, temperature, powdered activated carbon (PAC) dosage and HCO; ™ ions concentration were determined. The
ozonation of humic substances in the semi-batch reactor was found to fit pseudo-first-order reaction. The values of apparent rate constant of humic
substances degradation increased with the increase of initial ozone-air flow rates, ozone generation potential, pH, temperatures and PAC dosage,
but decreased with the increase of HCO3; ™~ concentration of the solution. Using Arrhenius equation, the activation energy (E,) of the reaction was
found as 1.96 kI mol~!. The reaction of ozonation of humic substances under the different temperatures was defined as diffusion control according
to E,. The model based on artificial neural network (ANN) could predict the concentrations of humic substances removal from aqueous solution
during ozonation. A relationship between the predicted results of the designed ANN model and experimental data was also conducted. The ANN
model yielded determination coefficient of (R? =0.995), standard deviation ratio (0.065), mean absolute error (4.057) and root mean square error

(5.4967).
© 2008 Elsevier B.V. All rights reserved.
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1. Introduction

Humic substances (HSs) are the predominant type of natu-
ral organic matter present in ground and surface waters. Humic
substances are generally classified as humic acids (HAs), fulvic
acids (FAs) and humin. HA are comprised of high-molecular-
weight organic substances that are soluble in alkaline media
and insoluble in acidic media, whereas FA comprise moderate-
molecular-weight organic substances which are soluble at all
pH values. Humic substances impart undesirable color and act
as precursors for undesirable trihalomethane formation during
the chlorination process, their presence in drinking water sup-
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plies causes problems [1,2]. Humic substances create a world
wide problem in drinking water supply as they constitute a yel-
low color in drinking water. Humic substance is the name for
a cocktail of organic molecules that originate from biological
degradation of dead plants and animals in the soil and surface
water. Humic substances contain a variety of functional groups
like unsaturated bonds and aromatic groups. Further ketonic,
alcoholic and carboxylic groups and aldehydes are found in HS
molecules. A characteristic feature of humic substances is their
low biodegradability. Being a product of microbial degradation
processes, it has lost its value as energy source for microorgan-
isms [3].

In the US Environmental Protection Agency (USEPA), in
potable water supplies, the maximum contaminant level for
trihalomethanes (THMs) and five haloacetic acids (HAAS) is
defined as 60 and 80 pg/l, respectively [4].
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In addition to the conventional treatments such as coagu-
lation, precipitation, filtration, ion-exchange, use of activated
carbon, or biological treatment [5,6], advanced photocatalytic
methods have been applied for reducing the organic content of
water [7-9].

Ozone has been demonstrated to oxidize a variety of inorganic
matters, HS and toxicity contaminants found in drinking water
[10]. Thus, the ozonation method is preferred in many instances
for treating drinking water to achieve both disinfection and
oxidation [10]. The ozone oxidation is accomplished in two path-
ways: direct oxidation by molecular ozone and indirect oxidation
by hydroxyl radical [11]. The direct ozone oxidation reactions
are highly selective but relatively slow attacking the unsaturated
electron-rich bonds contained in specific functional groups, aro-
matics, olefins and amines [12]. In comparison, the indirect
reaction has a relatively low selectivity but a quick reaction rate
by hydroxyl radicals, which are generated by decomposition
of ozone molecule [13,14]. The hydroxyl radicals can oxidize
regular organic substrates, microorganisms and NHs-nitrogen.

The objective of this investigation is to study the degrada-
tion kinetics of the HS and to define the apparent rate constants
by ozonation under the different empirical conditions such as
ozone-air flow rates from 5 to 15 1/min (in which the ozone gas
flow rate produced by system is 144, 289 and 432 mg/min),
ozone generation potential (96-170V), pH (4-12), tempera-
tures (14-60°C), powdered activated carbon (PAC) (0-1g in
solution of 250 mL) and HCO3~ (0-2000 mg/l). In addition
to the apparent rate constants, the modeling of artificial neu-
ral network (ANN) was used to predict the concentrations of
HS removal from aqueous solution during ozonation. A rela-
tionship between the predicted results of the designed ANN
model and experimental data was also conducted. At the result
of this study, the determination coefficient (R?), standard devi-
ation ratio, mean absolute error and root mean square error in
the modeling of ANN were defined as 0.995, 0.065, 4.057 and
5.4967, respectively.

2. Materials and methods
2.1. Preparation of the solutions of HS

As a model pollutant, HS bought from Sigma—Aldrich Co.
have been used in this study and its properties were given in
Table 1 [15].

The most probable structures in humic substances are
residues of phenolic structures in their core, and functional
groups such as phenolic hydroxylgroups, carboxylgroups and
aminogroups in the peripheral part of the humic macromolecules
[16,17]. Structures of hypothetical molecules of humic sub-
stance for potential use in their immobilization have been shown
in Fig. 1 [16]. Recent studies have shown that carboxylic
and phenolic groups in humic substances are most active and
they complex and reduce metal ions at different pH values
[18].

HS of 300 mg was dissolved in 11 of distilled water and used
as stock solution of which the value of initial pH was 10. The
concentration of HS in the stock solution was measured, and

Table 1

Properties of the HS

Element (%)

C 39.3

H 4.43
N 0.68
Na 0.767
S 0.25
Fe 0.13
Ca 0.12
Mg 0.1091
P 0.0215
Li 0.0003

the solution was used for further experimental solution prepara-
tion. The initial humic substances’ concentrations used in kinetic
studies were 100, 200 and 300 mg/1, respectively.

Double-beam spectrophotometer (Shimadzu UV-160 A) was
used to measure the value of absorbance of humic substance. It
was defined that humic substances as a function of color gave a
peak at 315 nm. Humic substance removal capacity was deter-
mined by absorbance measurements at the maximum visible
absorbance wavelength of 315 nm. All the samples to measure
humic substances’ concentrations was analysed at 315 nm.

Distilled water was used to prepare and dilute the
synthetic solutions containing humic substance. The ini-
tial pH was adjusted to a desired value using NaOH or
H,S0,.

2.2. Preparation of HCO3™ solutions

HCO3™ solutions of 0, 1000 and 2000 mg/1 used in this study
were prepared from NaHCO3; (Merck).

2.3. Powdered activated carbon

A commercial activated carbon from Merck was used
throughout this study. The surface area of the PAC particles was
measured by BET method at 77 K using a Quantachrome QS-
17 model apparatus. The surface area of the PAC was 455 m?/g
[19].

CH, COOH
0
i
0 C~o
OH
OH
0

HOOC

Fig. 1. Functional structures of humic substances [16].



E. Oguz et al. / Journal of Hazardous Materials 157 (2008) 455-463 457

2.4. Ozonation studies

The experimental set-up includes an air dryer, compressor,
ozone generator and semi-batch reactor having 11 of volume.
The air dryer consisted of a column filled with a high adsorp-
tive anhydrous CaCl,. Ozone was generated using an ozonizer
Model OG-24. The ozone—oxygen mixture was then fed into the
contact place through a porous plate gas sparger placed into the
semi-batch reactor’s base [20-22].

The ozonation reactor has been built by a glass column of 7-
cm diameter, 40-cm height with a water-cooling jacket keeping
the reactor at constant temperature. A HS solution of 250 ml was
used for each batch ozonation. A magnetic stirrer was used with
the gas diffuser for sufficient circulation of the HS solution.

Ozone was generated from air, and was supplied into the
system through an Opal OG-24 model ozonizer at the rates of
5, 10 and 151/min. The application rates of ozonation for the
reactor are 144, 289 and 432 mg/min, respectively. Ozonation
was performed in a cylindrical semi-batch glass reactor of which
volume is 11. HS were ozonated for 18 min in the semi-batch
reactor.

3. Results

3.1. The determination of apparent rate constants by
ozonation

The ozonation of HS was considered as a second-order reac-
tion with first-order relative to the humic substances [HS] and
ozone [O3] concentrations. The rate of HS disappearance could
be formulated by the folowing equation:

dHS
V = ——— = k[O3][HS] ey
dr

where k is the second-order rate constant. When the amount
of ozone is in excess, the reaction is pseudo-first-order with
respect to the HS [23]. In this study, the pseudo-first-order trend
was observed in each of the experimental runs. Thus, ozone
concentration could be considered constant during reaction and
the expression of the rate of HS degradation was given by the
following equation:

dHS
V= i = k/[HS] 2)

where k' is apparent first-order kinetic constant (min~!). There-
fore, a plot of In[HS,/HS] versus the reaction time led to a
straight line from which &’ could be determined.

The removal of HS process kinetics from the synthetic aque-
ous solutions was investigated under the different experimental
conditions. The values of apparent rate constants were shown in
Figs. 1-6. At different empirical conditions, the empirical results
of ozonation of HS have showed that the ozonation reaction
kinetics followed a pseudo first-order reaction (R*~1).

As seen in Fig. 2, the apparent rate constants in the HS
removal increased with the increase of ozone-air flow rate from 5
to 15 1/min and the value of apparent rate constant was maximum

at the value of 151 min—!.
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Fig. 2. The change of apparent rate constants vs. ozone-air flow rate (HS,:
300mg/l, T: 18°C, O3: 1.4%, pH: 10, HCO3~: 0mM, H,O,: 0 mM and PAC:
0g).
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Fig. 3. The change of apparent rate constants vs. ozone generation potential
(HS,: 300 mg/1, ozone application rate: 144 mg/min, T: 18 °C, Q: 51 min~!, pH:
10, HCO3~: 0mM, H,0,: 0mM and PAC: 0 g).
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Fig.4. The change of apparent rate constants vs. the values of pH (HS,: 300 mg/1,
ozone application rate: 144 mg/min, 7: 18 °C, Q: 51 min~!, 03:1.4%,HCO;3~:
0mM, H,0;: 0 mM and PAC: 0 g).
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Fig. 5. The change of values of apparent rate constants vs. the temperature
of solution (HS,: 300mg/l, ozone application rate: 144 mg/min, pH: 10, Q:
51min~!, O3: 1.4%, HCO3~: 0 mM, H>0»: 0mM and PAC: 0g).

Fig. 3 shows that the change in the apparent rate con-
stants with the increase of ozone generation percentages (from
96 to 170 V). The apparent rate constants increased with the
increase of ozone generation potential. The more molecules of
O3 occurred with the increase of ozone generation potential. O3
molecules attacked to the double bonds in the HS then these
bonds were broken by ozone. With the more HS degradation,
the more HS were removed from aqueous solution and as seen
from Fig. 3, the value of apparent rate constant was defined as
maximum at the value of 170 V.

At various initial pH values (4, 10 and 12), the change of
apparent rate constants of HS degradation by ozonation were
investigated and shown in Fig. 4. The apparent rate constants
of HS were found to increase with the increase of pH during
ozonation time. As known, ozone oxidation pathways include
direct oxidation by ozone or radical oxidation by OH*® radical.
Direct oxidation by ozone is more selective and predominates
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Fig. 6. The change of apparent rate constants vs. the PAC dosages used in
the solution (HS,: 300 mg/l, ozone application rate: 144 mg/min, pH: 10, Q:
51min~!, O3: 1.4%, HCO3~: 0mM and H>0,: 0 mM).
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Fig. 7. The change of apparent rate constants vs. the HCO3 ™ ion concentration
(HS,: 300 mg/l, ozone application rate: 144 mg/min, pH: 10, Q: 51min~!, O3:
1.4%, H,O,: 0mM and PAC: 0 g).

under acidic conditions, while radical oxidation with OH® rad-
ical is less selective and predominates under basic conditions.
Since the oxidation potential of hydroxyl radicals is 2.08 V and
much higher than that of the ozone molecule (1.86 V), direct
oxidation is slower than radical oxidation. The increase of solu-
tion pH showed a positive enhancement of the ozone oxidation
of HS during ozonation. At various initial pH values (4, 10 and
12), the ozonation of the HS was examined, and the values of
apparent rate constant increased with the increase of pH as seen
from Fig. 4.

As seen Fig. 5, the values of apparent rate constant of HS
degradation by ozonation increased with the increase of temper-
ature from 14 to 60 °C. After an ozonation of 18 min, the biggest
value of apparent rate constant connected with temperature of
the solution was found at the value of 60°C. It was thought
that this increase in the apparent rate constants arises from the
increase of the reaction rate which increased with the increase
of temperature of solution.

At the different PAC dosages such as 0, 0.5 and 1g in the
solution of 250 ml, the values of apparent rate constant of HS
degradation by ozonation were shown in Fig. 6. These values
increased with the increase of PAC dosage from O to 1 g. In the
present study, it was thought that PAC played an important role
as adsorbent [22]. The PAC used to remove HS from aqueous
solution has quite a positive effect on the treatment of HS.

Fig. 7 shows the values of apparent rate constant in the
03/HCO3~ process. HCO3™ ions in the O3/HCO3~ process
scavenge occurring OH® radicals during ozonation. Bicarbon-
ate ions are the principal consumer of the hydroxyl radicals,
particularly when relatively high concentrations of bicarbonate
are present in water, HCO3™ ions react with hydroxyl radi-
cals to generate bicarbonate radicals (HCO3°® ™). It was reported
that bicarbonate ions scavenge hydroxyl radicals to produce
intermediates not releasing a radical-type chain carrier, thereby
quenching the radical-type chain reaction [24]. Because of the
scavenging effect of bicarbonate ions on the OH® radicals, the
values of apparent rate constant of HS by ozonation decreased
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Fig. 8. The plot of In (k) vs. (1/T).

with the increase of HCO3 ™ ion concentration. When HCO3™~
ions were not used in the aqueous solution, the value of apparent
rate constant received a maximum value as seen from Fig. 7.

Fig. 8 shows the plot of In (k) versus (1/7). Arrhenius equation
used to define the value of activation energy (E,) is given by the
following equation:

E, 1
Ink=InA - —— 3
RT
where k, A, E,, R and T, are reaction rate constant, pre-
exponential factor, activation energy (Jmol™!), ideal gas
constant (8.314Jmol~! K—1) and temperature (K), respectively.
A plot of Ink versus 1/T would result in a straight line with a
slope of (—E,/R) and intercept of In A as seen from Fig. 8.

The value of E, calculated using Arrhenius equation was
found as 1.96kJmol™ which was smaller than the value of
20kImol~!. Thus, the reaction of ozonation of HS under the
different temperatures such as 287, 313 and 333 K was defined
as diffusion control.

time

HS

Volt

2 wi*xj+biasy

pH

Ceac

Chco,

3.2. Application of artificial neural network

The linear model presents the disadvantage to give a rela-
tionship very satisfying for an oxidation study, subject to the
real independence of variables. In fact, it is reasonable to con-
sider that such variables are not totally independent. ANN
approach seems to be completely suitable to the problems where
the relations between variables are not linear and complex
[25].

ANN:Ss are direct inspiration from the biology of human brain,
where billions of neurons are interconnected to process a vari-
ety of complex information, accordingly, a computational neural
network consists of simple processing units called neurons.
Each neuron (a processing element) is linked to its neighbors
with varying strengths. The strength of connection between two
neurons is called weight and is represented by coefficients of
connectivity w. The basic of an artificial neuron used in this
study is shown in Fig. 9. As shown in Fig. 9, a neural net
is a parallel interconnected structure consisting of: (1) input
layer of neuron (independent variables), (2) a number of hidden
layers and (3) output layer (dependent variables). The num-
ber of input and output neurons is determined by the nature of
the problem. The hidden layers act like feature detectors and
in theory, there can be more than one hidden layer. Univer-
sal approximation theory suggests that a network with a single
hidden layer with a sufficiently large number of neurons can
interpret any input—output structure [26]. Input neurons accept
the input data characterizing a given observation (experiment).
Output neurons yield the predicted (expected) value. A neu-
ron sums the product of each connection weight (w j) from a
neuron (j) to the neuron (k) and input (x;) and the additional
weight called as the bias to get the value of sum for the neuron

(k):
sumk = Z w kX j + bias “4)

The sum of the weighted inputs is further transformed with
a transfer function to get the output value, there are several

HS;
Transfer function

Fig. 9. Basic structure of an artificial neuron—the unit of the artificial neural network.
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transfer functions; the most common is the sigmoidal function
[27].

To find suitable ws and biases for each neuron, a process
training is essential; it is the first step of building an ANN, train-
ing means that the weights are corrected to produce prespecified
(“correct”, known from experiments) target values, the train-
ing requires sets of pairs (Xs, Ys) for input: the actual input
into the network is a vector (Xs), and the corresponding target
is labelled (Ys) after successful training. When correct values
of Yg for each vector of Xs from the training set are obtained,
it is hoped that the network will give correct predictions of Y
for any new object of X, according to the ANN model funda-
mentals, with use of more data for training the network, better
result would be obtained. The most utilized training method
for multilayered neural network is called back propagation, in
this study; one hidden layer was used. Information about errors
(differences between target and predicted values) is filtered back
through the system and is used to adjust the connections between
the layers, thus performance improves. In the early standard
algorithm, random initial set of weights were assigned to the
neural network, and then by considering the input data, weights
were adjusted so the output error would be on its minimum
[28].

In this study, one-layered back propagation neural network
was used for modeling of the removal of HS with ozonation
(Fig. 9). In the present work, the input variables to the neural
network are as follows: the treatment time (), the concentra-
tion of initial HS, PAC, ozone-air flow rate, ozone generation
potential, pH, temperature and HCO3™ ions concentration.
The concentration of removal of HS as a function of reaction
time was chosen as the experimental response or output vari-
able.

In order to model the HS concentrations with ANN, Statistica
software program was used. The coefficient of determination
(R?), the root mean square error (RMSE), the standard deviation
ratio (SDR), and the mean absolute error (MAE) are the main
criterions that are used to evaluate the performance of ANN,
they are defined as follows:

[n (3° obs — pre) — (3 obs) (3 pre)]

R =
\/{n > obs? — (3 obs) 2} X [n > pre? — (3 pre) 2}
5
Y
RMSE = M ©)
SDR — \/n > obs? — (3 obs)z/n(n -1 o
\/n > error? — (3 error)z/n(n -1
MAE = M ®)

Low values of RMSE, SDR and MAE satisfy the statistical
evaluation of prediction for the validation [29,30].

Table 2

Shift and scale factors

Parameters Shift Scale

t 0 0.05556
HS, -0.5 0.005

pH —-0.5 0.125

0 0 0.06667
Volt 0 0.005882
T —0.3043 0.02174
HCO3;~ 0 0.0005
PAC 0 1

HS; —0.0453 0.003484

Before the network was trained, the input and the output data
had been normalized; the scale and shift factors which were used
in every input and output were given in Table 2.

The weight coefficients and the biases given in Table 3 are the
values obtained for the normalized data, in order to determine
the actual (experimental) HS concentration, an inverse transfor-
mation on this data must be performed by using shift and scale
factors.

After long training phases, the best result was obtained from
the Levenberg—Marquardt algorithm. The hyperbolic tangent
function in the hidden layer and the linear activation function
in the output layer were used in the model. It was observed that
the optimal network was found to be eight inputs, one hidden
layer with ten neurons and one output layer, the optimal network
architecture (8 x 10 x 1) is shown in Fig. 9.

Sensitivity analysis is a technique to assess the relative con-
tribution of the input variables to the performance of a neural
network by testing the neural network when each input variable
is unavailable, this indicates that input variables are considered
most important by particular neural network, if the ratio is one
or lower, making the variable unavailable either has no effect on
the performance of the network, or actually enhances it, because
ratios of input parameters of the model are more than one, all
input variables are meaningful. The results of the sensitivity
analysis were given in Table 4.

Table 3
Connection weights and biases
Bias 2.1 2.2 2.3 2.4 2.5
by by
—3.22354 —7.73605 7.630017 —2.68242 —1.70313
W1
1.1 4.319147 6.302514  2.132686 1.585571
1.2 —3.75474 —9.05241 —1.7553 1.667741
1.3 —0.00325 0.038797  0.553008 1.973945
1.4 1.799366 5.531177  0.140772 —5.31505
1.5 —0.5213 —3.08825 7.542647  —20.0641
1.6 0.297161 0.72685 0.576841 —1.03173
1.7 —0.01387 —0.1432 —0.6086 —3.4185
1.8 0.571225 1.897449  3.273081 3.954508  wy
2.1 —1.92635
22 0.606859
2.3 —0.3781
2.4 —0.121
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Table 4
Sensitivity analysis results
t HS, pH 0 Volt T HCO3;~ PAC
Rank 1 3 8 5 2 6 7 4
Ratio 1243 487 1.05 142 646 1.24 1.10 2.38
Table 5
The statistical values of ANN model (8 x 4 x 1)
R? 0.995
SDR 0.065
RMSE 5.496
MAE 4.057

When Table 4 is examined, it is easy to see that the most
important parameter that affects the removal of concentration of
HS is the treatment time (¢), volt, initial HS concentration, PAC,
ozone-air flow rate, temperature (7), HCO3™ and pH, respec-
tively. At the result of this study, the general equation obtained
from the optimal network was given as following:

t

HS,

pH

0

Volt

T

HCO3
L PAC

HS, = fo | waf1 | w1 +by | +b2 )]

where w; and w; are the weight matrices, by and b, are the
biases vectors and their values can be taken from Table 3.

Under the different experimental conditions along the reac-
tion time, the interpretation of the experimental results was based
on the fitting of neural network models for predicting the removal
of concentration of HS by ozonation, the proposed model based
on artificial neural network (ANN) could predict the HS; con-
centration during ozonation time, a comparison between the
predicted results of the designed ANN model and experimental
data was also conducted.

According to the ANN model fundamentals, with use of more
data for training the network, better result would be obtained.
In the early standard algorithm, random initial set of weights
were assigned to the neural network, and then by considering
the input data, weights were adjusted so the output error would
be on its minimum. The results from general ANN modeling
were shown in Fig. 10.

The general model from the ANN belonging to all of
the parameters (treatment time, HS concentration, ozone-air
flow rates, ozone generation potential, pH, temperature, PAC,
HCO3 ™) was given in Fig. 10.

The results of statistical analysis of ANN are summarized in
Table 5. It was seen that the ANN model has determination coef-
ficient of (0.995), SDR of (0.065), RMSE of (5.496) and MAE
of (4.057). The results obtained in this model indicate that ANN
model has the ability to predict the removal of HS concentration.
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Fig. 10. Comparison between observed and predicted values relating to general
modeling (R =0.995).

In the ANN modeling, it was seen that the error distributions of
the model do not show complete normal distribution. Almost
every value predicted in the model and the distribution of the
errors is very close to the zero line as seen from Fig. 11. Error
distributions do not show complete normal distribution. It was
also observed that almost every value predicted in the model and
the distribution of the errors is not in the line of zero.

The error histogram is not widely open to the right and left
directions, the zero error frequency is high as seen from Fig. 12.
The zero error frequency is high and also in the model the pre-
dicted values together with the observed values are in good
agreement. Moreover, the explanatory variables in the models
to explain the dependent variable are found to be satisfactorily
sufficient.

In a good model, the residuals show normal distribution. The
assumption of normality can be checked by plotting the resid-
ual versus expected normal values. The normal probability plot
of the residuals for ANN is shown in Fig. 13. Fig. 13 shows
an approximately linear behavior, indicating that the residuals
follow an approximately normal distribution.
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Fig. 11. Residuals vs. predicted values.
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Fig. 13. Normal probability plot of residuals.

4. Conclusion

At the result of this study, it was defined that the ozona-
tion of HS fitted the pseudo-first-order reaction. The values of
apparent rate constant of HS degraded by ozonation increased
with the increase of ozone-air flow rate, temperature, pH, ozone
generation potential and PAC but decreased with the increase
of HCO3™ ions concentration of the solution. At a high pH,
the ozonation of HS contributed to increase of the apparent
rate constant because of occurring free hydroxyl radicals. Using
Arrhenius equation, the activation energy (E,) of the reaction
was found as 1.96kJ mol~!. The reaction of ozonation of HS
under the different temperatures (287, 313 and 333 K) was
defined as diffusion control because the value of E, is smaller
than 20 kJ mol~!. Artificial neural network modeling has been
used to investigate the cause—effect relationship in the ozonation
studies of HS. The ANN model could describe the behavior of
the ozonation reaction system (O3/PAC, O3/HCO3 ™ processes)
with the adopted experimental conditions. Simulation based on
the ANN model can then be performed in order to estimate
the behavior of the system under the different conditions. The

model based on ANN could predict the concentrations of HS
removal from aqueous solution during ozonation. A relationship
between the predicted results of the designed ANN model and
experimental data was also conducted. At the result of ANN
model, the values of determination coefficient (R2), standard
deviation ratio, mean absolute error and root mean square error
were obtained as 0.995, 0.065, 4.057and 5.496, respectively.
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