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Abstract The decolorization of Reactive Blue 19
(RB19) from aqueous solutions using the Fenton oxida-
tion process was researched. The effects of different
operating parameters, e.g., HO,, Fe(Il), initial dye con-
centration, pH, and solution temperature, on the decol-
orization of RB19 were investigated. Increasing, the
H,0, concentration and temperature increased the rate
of the decolorization; however, increasing initial RB19
concentration reduced the decolorization. Additionally,
modeling of the decolorization obtained by the Fenton
oxidation process was researched based on deep neural
networks (DNN) architecture providing the best perfor-
mance in terms of optimum hidden layers and neuron
numbers in addition to ideal activation and optimization
function pairs. The performances of the models were
analyzed on the training, validation, and test data. Ac-
cording to the experimental results, the seven hidden
layers DNN model with “relu” activation function and
“RMSProp” optimization function provided the best
performance with root mean square error (RMSE) of
3.39 and correlation coefficient (R?) of 0.99.
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1 Introduction

A variety of synthetic dyes with different chemical
characteristics are used in textile, plastic, cosmetic, phar-
maceutical, leather, and food industries (Bastiirk and
Alver 2019; Siddique et al. 2014). Dyes with many
structural varieties are important pollutant sources caus-
ing environmental pollution. Reactive dyes represent
nearly 30% of synthetic dyes worldwide. They contain
a functional group comprising molecular structures, a
chromophore group, and covalent bonds with cellulose
fibers (Degermenci et al. 2019). RB19, easily obtained
and commonly used in the textile industry, is an
anthraquinone-based dye and is more resistant to bio-
logical degradation due to fused aromatic structures
compared to azo-based dyes (Xie et al. 2019;
Fanchiang and Tseng 2009). During dye processes,
nearly 15% of dye loss occurs and this dye mixes with
wastewater (Bhatti et al. 2013). Wastewater containing
synthetic dyes comprises a danger to ecosystems due to
surface active matters, solvents, mineral salts, and acids
they contain. Some dyes cause allergic dermatitis, skin
irritation, mutations, and cancer in humans. When
wastewater containing synthetic dyes are discharged
into the receiving environment without the use of ap-
propriate treatment methods, photosynthesis of plants
living in water is prevented due to the reduction in light
transmission, causing anoxic conditions deadly for
aquatic organisms due to depletion of dissolved oxygen,
the esthetic appearance of the water is disrupted, and
possibilities to reuse water are limited (Wang et al. 2007;
Suteu et al. 2012; Hayat et al. 2015; Nidheesh et al.
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2018). As a result, treatment of wastewater containing
dyes before discharging into the receiving environment
is of great importance.

For removal of dye from wastewater, a variety of
physical, chemical, and biological methods or combina-
tions of them have been developed like chemical pre-
cipitation, electrocoagulation, membrane filtration, ad-
sorption, ozonation, and aerobic and/or anaerobic treat-
ment (Hu et al. 2006). Physicochemical methods for
treatment of these wastewaters are accepted as more
expensive than biological treatment methods; however,
biological treatment methods are insufficient for remov-
al of color-giving substances and other stubborn com-
pounds (Bae et al. 2015). Chemical degradation with
oxidative agents like chlorine is one of the most impor-
tant and effective methods; however, it produces many
toxic products like organochlorine compounds (Slokar
and Le Marechal 1998). Industrial application of ozon-
ation is limited by high production and operating costs
and weak mass transfer (Zhang et al. 2006). Advanced
oxidation processes (AOP) have high potential for re-
moval of organic pollutants from aqueous solutions. In
recent times, AOP for wastewater treatment has been
intensely researched because AOPs may oxidize com-
pounds that are difficult to degrade. The Fenton oxida-
tion process is one of these AOPs and is used for
treatment of different industrial wastewaters (pharma-
ceutical, textile, chemical, paper pulp, food processing,
landfill leachate, etc.) (Ghosh et al. 2010; Vilar et al.
2013). The Fenton oxidation process is accepted as one
of the simple and appropriate-cost AOPs for industrial
wastewater treatment (Azbar et al. 2004; Sahinkaya
2013; Sanchis et al. 2014). The Fenton oxidation pro-
cess can occur at environmental temperatures and does
not require energy input, and reagents are easily obtain-
ed (Vilar et al. 2013).

The Fenton oxidation process occurs in four stages
including setting pH, oxidation, neutralization, and co-
agulation (Ozdemir et al. 2010). The oxidation mecha-
nism is based on production of hydroxyl radicals as a
result of the reaction of H,O, with a Fe(Il) catalyst under
acidic conditions “Eq. 1” (Bayhan and Degermenci
2017). Hydroxyl radicals are very reactive and unselec-
tive oxidants that can oxidize organic matter (Chavaco
et al. 2017). Hydroxyl radicals attack unsaturated dye
molecules, destroy chromophore and chromogens in
dye molecules, and remove color (Emami et al. 2010).
The basic advantage of the Fenton oxidation process is
the ability to definitively transform pollutants into
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harmless compounds (CO,, H,0, inorganic salts, etc.)
(Ghosh et al. 2010):

Fe’t + H,0, + H —Fe’" + OH' + H,0 (1)

An artificial neural network (ANN) is a method used
to define the relationship between operating parameters
and process performance (Radwan et al. 2018). So far in
many studies, the ANN-based models have been de-
signed in order to examine the water and wastewater
treatment processes. For example, Alver and Kazan
(2020) examined the efficiency of a full-scale filtration
plant by using some water quality parameters. They
eliminated the organic compounds and anions by
Ultrafiltration and Reverse Osmosis processes. Also,
they sent the influent water quality parameters
obtained by principal component analysis to the
artificial neural networks model in order to evaluate
the treatment plant efficiency. Daneshvar et al. (2006)
successfully predicted the decolorization from aqueous
solutions containing Basic Yellow 28 with the
electrocoagulation process using an ANN model. An-
other study by Elmolla et al. (2010) predicted the anti-
biotic degradation in terms of chemical oxygen demand
removal by the Fenton oxidation process. Finally,
Mousavi et al. (2018) determined the optimum operat-
ing conditions for Methylene Blue removal with the
Fenton process using ANN. Deep learning based on
the theoretical basis of ANN architecture is a very
superior algorithm to obtain successful results by ex-
trapolation from data (Ravi et al. 2016). While there is a
hidden layer in the ANN architecture, there are multiple
hidden layers in the Deep neural networks (DNN) ar-
chitecture. Since deep learning was first revealed, dif-
ferent deep learning algorithms and approaches have
been continuously and rapidly developed. It is stated
to be popular for a long time in computer science and
many other disciplines. DNN architecture, which is one
deep learning algorithm, comprises an input layer, the
hidden layers, and an output layer. While there are one
or two hidden layer(s) in the ANN architecture, there are
multiple hidden layers in the DNN architecture. Typical
DNN architecture is given in Fig. 1.

For the decolorization of RB19 with Fenton oxida-
tion, it is necessary to determine the optimum levels for
experimental conditions. In this study, the H,O, con-
centration, Fe(I) concentration, initial RB19 concentra-
tion, initial pH, and temperature parameters were
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researched for the decolorization with Fenton oxidation
to determine the optimum decolorization conditions.
Also, DNN-based modeling was performed to estimate
experimental results with the aim of contributing to the
literature.

2 Materials and Methods
2.1 Chemicals

RB19 was obtained from a textile factory located in
Bursa (Turkey) and used without any purification pro-
cess. The molecular structure and characteristics of
RB19 are given in Table 1. Hydrogen peroxide (30%,
w/w), iron (II) sulfate heptahydrate, sulfuric acid, and
sodium hydroxide were obtained from Sigma-Aldrich.
All solutions were prepared using deionized water.

2.2 Experimental Procedure

One of the parameters affecting the decolorization of
RB19 with the Fenton oxidation process was changed
while the others remained fixed. The reactor used in the
experiments was double-walled and operated in batch
mode. For each experimental study, Fe(Il) and RB19
were diluted to 500 mL with deionized water and then
set to the desired pH using 0.5 M H,SO,4 and NaOH
with a pH meter (WTW, MultiLine Multi 3620 IDS).
Then, H,O, was added to the reactor to begin the
reaction. Samples were periodically removed from the
reactor with a pipette and immediately analyzed. With
the aim of ensuring homogeneity of the solution in the
Fenton oxidation, a magnetic stirrer was used (IKA,
RCT basic) to mix at 500 rpm. Temperature was held
at the desired value using a fixed temperature-controlled
heating-cooling circulator (LABO, C200-H13). Sam-
ples taken at 1, 2, 3, 5, 10, 15, 20, 25, 30, 35, 40, 50,
60, 70, 80, 90, 100, 110, and 120 min were used to
determine RB19 concentration. Considering the effects
of other parameters (initial pH, Fe(II) concentration,
H,0, concentration, initial dye concentration, and tem-
perature) with this reaction duration, a dataset was
formed by combining 380 samples.

2.3 Analytical Method

RB19 concentrations were determined by measuring
absorbance values with a prepared calibration curve at

maximum wavelength using a UV-vis spectrophotome-
ter (Hach Lange, DR6000). As the oxidation reaction
continued during the Fenton oxidation process, absor-
bance measurements were completed immediately after
obtaining the sample. The decolorization of RB19 was
calculated using the following equation (Eq. 2):

Decolorization, (%) = (1-C,/Cp) x 100 (2)

Here, Cy represents initial RB19 concentration, while
C, is the RB19 concentration at time ¢.

2.4 Model Construction

In this section, ideal activation and optimization func-
tions, and also optimum, the number of hidden layers
and neurons were researched. This issue is the most
important step in design of the best DNN model. We
noted that the number of hidden layers must be at least
three for DNN as described in [27]. Otherwise, it would
show shallow neural network properties. Within the
frame of this context, the performances of DNN models
with the 3, 5, and 7 hidden layers were explored one by
one with 1000 iterations. Also, the effects of each pair of
“tanh,” “relu,” “sigmoid,” and “softsign” activation
functions and “RMSprop,” “Adagrad,” “Adadelta,”
“Adam,” and “Adamax” optimization functions were
examined on the model topology. Hence, numerous
tests were conducted using the topologies listed in Ta-
ble 2 on the dataset with “n” input parameters (n = 6).
We must also state that the DNN model name consists of
two words and one digit for easy understanding by
readers and researchers. The first one of the words
indicates the activation function name, and the second
one indicates the name of optimization function. The
digit indicates the number of hidden layers. For exam-
ple, DNN tanh Adam 3 model indicates that the tanh
activation function, the Adam optimization function,
and the “3” hidden layer number. The models were
designed by using “Keras” library with “Tensorflow”
backend. Keras contains large collections of deep learn-
ing architectures. An overview of the flowchart for the
proposed approach is given in Fig. 2.

Performances of DNN models were evaluated by
utilizing the root means square error (RMSE) and coef-
ficient of determination (R?) criteria which are given in
Egs. 3 and 4, respectively:
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Fig. 1 An overview of the DNN
architecture (Ravi et al. 2016)
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Here, p is the number of data points. For RMSE
measurement, e; (i= 1, 2, ..., p) statistical summaries
are taken as reference. Generally, e; = P;— M; defined
the estimation error of any model. P; and M; are esti-
mated and observed values, respectively (Willmott and
Matsuura 2005):

Table 1 Some characteristics of RB19 (Bhatti et al. 2013)

Hidden Layer 1

Output Layer

Hidden Layer N

R =1-

v 2
; &)
e (4)

,»21 (y—?)

Here, y is the observed result variable, y is the mean
of this result variable, and $ is the estimated value for
this variable. The coefficient of determination (R?),
frequently used in statistics, is a metric used to measure
the fit of a model. This coefficient generally has a value
between 0 and 1. A value of 1 shows the model has the
perfect fit. This metric measures the degree of variation
of the target variable (Alexander et al. 2015).

Properties

Dye

Molecular formula
Molecular weight
Wavelength
Synonym
Functional group
Molecular structure

CorH 6N2NayOy;S;
626.533 g/mol

594 nm

Remazol Brilliant Blue R
Anthraquinone

o}
O N : _SO,CH,CH,0S0;Na

NH,
SO3Na
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Table 2 An overview of topologies used for DNN models

Hidden layer number Hidden layer topology

2
n—n —n

2 3 2
n—-n —n —>n —n

n—>n2—>n3—>n4—>n3—>n2—>n

3 Results and Discussion
3.1 Validation and Test of the Model

The input parameters are “time,” “H,0,,” “Fe(Il),”
“pH,” “Dye,” and “Temperature” and the target param-
eter is “Decolorization.” The min-max normalization
technique given in Eq. 5 was applied to all input data
and target data. Thus, the dataset was normalized be-
tween 0 and 1:

X, = Xi~Xmin (5)
Xmax ~Xmin

Here, x,, is the normalized value of x; and x,,,, and
Xmin indicate the maximum and minimum values of the
corresponding parameter.

The dataset which consisted of 380 experimental data
points was randomly split into train, validation, and test
data by 60%, 20%, and 20%, respectively. Firstly, the
DNN models fitted on the validation dataset. Then, the
performances of these models were measured on the test
dataset. Modeling results obtained by applying different
activation functions in hidden layers of DNN and ap-
plying different optimization functions for training of
DNN are presented in Table 3. The results are also
illustrated in Fig. 3.

According to the results, the RMSE values of the
models designed with tanh, sigmoid, and softsign acti-
vation functions were very high. The relu activation
function has shown the best performance. Apart from
the “adagrad” optimization function, the increase in
hidden layer and neuron numbers in the topologies
designed with all optimization functions and relu acti-
vation function positively improved the performance of
the model. For example, when the layer number is
increased from 3 to 5 for the relu activation function
and RMSProp optimization function, the neuron num-
ber automatically increases and the RMSE decreases
from 17.22 to 8.89 while R? increases from 0.68 to
0.92. The success obtained from the models with seven

Data

|

Best score =
Best model Nonc

Number of hldden layers
(h)= 3 5,7

Design modcl considering
hidden layers/neurons number

l

Score = Model evaluation

/ﬁf_\/\/_\

False
Score > Best Score

Best Score = Score
Best model saved

Fig. 2 Flowchart of the proposed study

hidden layers, relu activation function and the Adadelta
and RMSProp optimization functions are very close to
each other. Therefore, the two models
(DNN_relu_Adadelta 7 and DNN_relu RMSProp 7)
with optimal performance could also be applied to esti-
mate the decolorization of RB19.

Also, Fig. 4 depicts the scatter plots of predicted
versus actual values of the best models for each activa-
tion function on the test dataset. As shown in this figure,
DNN_relu RMSprop 7 fits the actual values excellent-
ly. On the other hand, it is seen that both sigmoid and
softsign activation functions were unsuccessful. These
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figures contain two lines, one is the perfect fit Y=T
(predicted data = experimental data) and the other one is
the best fit indicated by solid line obtained from the best
linear equation Y = (1.07)x —2.31.
Consequently, the DNN relu RMSprop 7 having n-
3-n*n*>-nn hidden neurons, respectively, was se-
lected as the best DNN model by considering the min-
imum value of RMSE and the maximum value of R? for
the testing set. The model with the RMSE and R?
metrics for actual and predicted values are 3.39 and
0.99 respectively is demonstrated in Fig. 5. It provides
acceptable modeling accuracy results for the decolori-
zation prediction. Therefore, this model was saved to the
system.

nz-n

3.2 Effect of Initial pH

The value of pH is an important operating parameter for
wastewater treatment and is one of the parameters af-
fecting the hydroxyl radical production rate, H,O,, and
Fe(I) concentration in the Fenton oxidation process

pH 3 as 93.1% at the end of 120 min. Several studies
have revealed that the Fenton oxidation process has
higher oxidation ability in situations where the solution
pH is acidic (Lucas and Peres 2006; Bayhan and
Degermenci 2017). However, at values pH < 3, the re-
activity of H,O, with Fe(Il) may reduce due to the
reaction in Eq. 6 and the decolorization of RB19 may
slow (Radwan et al. 2018). Additionally, due to the
reaction in Eq. 7, the H ions in solution may cause
scavenging of hydroxyl radicals which reduces the ox-
idation efficiency (Michael et al. 2010). Another possi-
bility is that the formation of iron complexes may cause
slower reactions with H,O, (Khan et al. 2018). As a
result, this may explain the low decolorization of RB19
in the first 30 min at pH 2. However, as for pH > 4, the
decolorization may reduce depending on the separation
of H,O, into water and oxygen (Eq. 8) and formation of
Fe(OH); complexes (Eq. 9) (Sun et al. 2007, 2009).
Considering the decolorization of RB19, the optimum
initial pH value was chosen as 3:

(Behnajady et al. 2007). With the aim of determining H,0, + H"—H;05 (6)
the optimum pH value for the decolorization of RB19
with Fenton oxidation, the results obtained from exper- 'OH+H" + ¢ —>H,0 (7)
iments performed with different initial pH values are
shown in Fig. 6. The results show the initial pH value of 2H,0,—2H,0 + 0, (8)
the solution si'gniﬁcantly aff.ecte.d the decolor'ization 'of Fei* 13 OH —Fe(OH), 9)
RB19. The highest decolorization was obtained with
Table 3 Experimental results of the different DNN models
Optimization functions
RMSprop Adagrad Adadelta Adam Adamax

Activation function  Hidden layer number RMSE ~ R? RMSE R’ RMSE R? RMSE R’ RMSE R?
tanh 3 30.69 0 48.89 —-1.54 6.53 095 19.03 0.62 19.93 0.58

5 30.68 0 49.03 —-1.55 19.95 0.58 19.58 0.59 19.85 0.58

7 30.68 0 49.09 —-1.56 30.69 0 30.69 0 30.69 0
relu 3 17.22 0.68 21.34 0.52 15.77 0.74 1935 0.60 17.07 0.69

5 8.89 092 1931 0.6 5.97 096 14.37 0.78 14.98 0.76

7 3.39 0.99 63.01 —-322 482 098 9.34 091 10.33 0.89
softsign 3 30.68 0 48.60 —-1.51 19.06 0.61 2228 047  30.67 0

5 30.69 0 48.87 -1.54 20.17 0.57  30.56 0.01  30.68 0

7 30.68 0 4891 -1.54 19.79 0.58 20.03 0.57 30.31 0.02
sigmoid 3 30.68 0 49.06 —-1.56 30.68 0 20.01 0.57  20.17 0.57

5 30.69 0 49.05 —-1.56  30.69 0 30.69 0 30.69 0

7 30.68 0 49.20 —-1.57 30.68 0 30.69 0 30.69 0
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3.3 Effect of Fe(II) Concentration

The Fe(IT) concentration is an important parameter for
the Fenton oxidation process. As a result, with the aim
of determining the optimum Fe(Il) concentration for the
decolorization of RB19, a range of experiments were
completed with different Fe(Il) concentrations (5, 7.5,
10, 15, and 20 mg/L). The effect of Fe(I) concentration
on the decolorization of RB19 is shown in Fig. 7. The
results obtained show the decolorization of RB19 is
significantly linked to Fe(I). At the end of 120 min with
10 mg/L Fe(Il) concentration, maximum decolorization
of RB19 was obtained (93.1%). At higher Fe(Il) con-
centrations, the decolorization of RB19 reduced. Studies
have shown that the use of high amounts of Fe(II) causes
scavenging of hydroxyl radicals due to the reaction in

& 1.0 O tanh&Adam
x O tanh&RMSprop
508 O tanh&Adagrad
§ tanh&Adadelta
I= O tanh&Adamax
% 0.6 QZ:::::::::::::::::Q
g \\\
§ 04 \\\\\
g AN
‘5 0.2 \\
N\,
O 0.0| A--===nmmmmmmmmman O --mmmmmmmmm e
3 5 7
Hidden layer number
<1.0 O sigmoid&Adam
x O sigmoid&RMSprop
S 0.8 O sigmoid&Adagrad
‘§ sigmoid&Adadelta
€ O sigmoid&Adamax
L \
o
504 N
5 0.2 N
= .
@ N
o) "
O 0.0 % @
3 7

Hidden layer number

Eq. 10 and leads to a rapid fall in pollutant removal rate
(Kavitha and Palanivelu 2005; Bautista et al. 2007), and
it has been also reported that it brings about increase in
total dissolved solid matter and turbidity
(Babuponnusami and Muthukumar 2014; Alalm et al.
2015). Considering the results in Fig. 7, the optimum
Fe(I) concentration was chosen as 10 mg/L for the
decolorization of 100 mg/L RB19.

*OH + Fe**—Fe’™ + OH™

(10)

3.4 Effect of H,O, Concentration

The H,O, concentration plays a very important role in
determining the decolorization of dye. While the use

Ll A
< e
5038 IS 0
'ﬁ ' e ’::: _______ - _.,—"-’—": ——————

£ | AT

Eoe| & - 0

S | e .

© A !

o |
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1
3 5 7
Hidden layer number
& 1.0 O softsign&Adam
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§ softsign&Adadelta
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Fig. 3 Results for DNN models having different activation and optimization functions
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Fig. 4 Scatter plots of predicted versus actual values of the best models for each activation function on the test dataset

of it in low amounts reduces removal efficiency, using
it more than necessary augments treatment costs by
increasing the residual H,O, concentration (Lin and
Lo 1997; Lin and Leu 1999). As a result, it is neces-
sary to determine the optimum H,O, concentration. In
line with this aim, a range of experiments were com-
pleted with different H,O, concentrations (25, 50, 75,
100, 150, and 200 mg/L) and the results obtained are

n3 neurons

Fig. 5 Optimized DNN architecture
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n4 neurons

shown in Fig. 8. The increase in H,O, concentration
from 25 to 200 mg/L increased the decolorization of
RB19 from 68.5 to 99.5% at the end of 120-min
reaction time. This situation can be explained by the
increasing H,O, concentration increasing the amount
of hydroxyl radicals produced by the Fenton oxidation
process (Shi et al. 2018). The use of high amounts of
H,0, consumes hydroxyl radicals (Eqs. 11-13) and is

Decolorization (%)

Parameters Value
Input parameters
numbers (n)
Activation Function
Learning cycle

Learning algorithm

Relu
1000 epochs
RMSProp
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Fig. 6 Effect of initial pH on the 100 A
decolorization (RB19 =100 mg/
L, H,0, =100 mg/L, Fe(ll) =
10 mg/L, Temperature =20 °C) 80 -
S
£ 60
<
8
e
S 40
v
A
20

——pH=20 —=—pH=30
——pH=4.0 —=&—pH=5.0

stated to lower removal efficiency (Bautista et al.
2007; Chang and Chern 2010). As a result, consider-
ing both consumption of hydroxyl radicals and oper-
ating costs, experiments with higher H,O, concentra-
tions were not performed. For 100 mg/L RB19, the
optimum H,O, concentration was 100 mg/L with
93.2% decolorization obtained:

20 40 60 80 100 120
Time (min)

3.5 Effect of Initial RB19 Concentration

Initial pollutant concentration is an important factor
in the Fenton oxidation process. As the concentra-
tion of pollutants found in wastewater changes mo-
mentarily, it is important to determine the effect of
the pollutant concentration entering the treatment
process on the treatment efficiency (Titouhi and
Belgaied 2016). Figure 9 shows the effect of initial
RB19 concentration on the decolorization with the
Fenton oxidation process. For 50 mg/L. RB19 con-
centration, 100% decolorization was obtained at the
end of 60 min, while the 93.1%, 84.2%, 77.5%, and
72.4% decolorization was obtained at the end of

H,0, + 'OH—"HO; + H,0 (11)
‘OH + "HO,—0O; + H,0 (12)
"OH + "OH—1/20, + H,0 (13)
Fig. 7 Effect of Fe(Il) on the 100 -
decolorization (RB19 =100 mg/
L, H,0, =100 mg/L, pH=3,
Temperature =20 °C) 80 -
3
.g 60 -
«
8§
5
g 40
A
20
0

——Fe(II)= 2.5 mg/L
—0—Fe(II)= 5.0 mg/L
—8—Fe(II)= 10 mg/L
——Fe(II)= 15 mg/L
——Fe(II)= 20 mg/L

T T

T T
20 40 60 80 100 120
Time (min)
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Fig. 8 Effect of H,O, on the 100 -
decolorization (RB19 =100 mg/
L, Fedl)=10 mg/L, pH=3,
Temperature = 20 °C) = 80
=
S
=]
.g &6
<
s
3]
o 40
Q
D
A
20
0

—2—H20-= 25 mg/L
——H>0->= 50 mg/L
—&—H,0-= 100 mg/L
——H:0-= 150 mg/L
—+—H>0-= 200 mg/L

120 min with 100, 150, 200, and 300 mg/L RB19,
respectively. With these results, it is clearly under-
stood that increasing initial RB19 concentration re-
duces the decolorization. The reason for this is that
the other parameters (Fe(Il) and H,0,) were kept
fixed while the pollutant concentration increased (Li
et al. 2015). In other words, as the concentration of
hydroxyl radicals produced by the fixed H,O, and
Fe(II) concentrations was the same, decolorization
reduced with the increase in RB19 concentration.

3.6 Effect of Temperature

An important parameter for removal of pollutants with
the Fenton oxidation process is temperature. With this

20 40 60 80 100 120
Time (min)

aim, a range of experiments were performed at different
temperatures (10, 20, 30, and 40 °C) and the results are
shown in Fig. 10. The increase in temperature was clearly
observed to increase the decolorization rate. The reason
for this is that the temperature increase increased the
reaction rate between H,O, and Fe(Il), and this forms
higher amounts of hydroxyl radicals (Bagal and Gogate
2014; Mirzaei et al. 2017). Additionally, the system may
be operated at higher temperatures to ensure the decol-
orization in shorter durations. The increase in tempera-
ture from 10 to 40 °C was not observed to have a
significant effect on the decolorization at the end of
120 min. However, at the end of 20 min, the decoloriza-
tion was 31.2% at 10 °C, while decolorization was
82.9% at 40 °C. Based on these results, at the end of

Fig. 9 Effect of initial RB19 100
concentration on the
decolorization (H,O, = 100 mg/
L, Fe(Il)=10 mg/L, pH=3,
Temperature =20 °C)

80 A

60

Decolorization (%)
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Fig. 10 Effect of temperature on 100 4
the decolorization (RB19 =
150 mg/L, HyO, =100 mg/L,
Fe(Il) =10 mg/L, pH=3) 30 |
9
g 60
®
8
2
g 40
L'
A
20

—@— Temp=10°C
—a— Temp=20°C
—&— Temp.= 30°C
—— Temp.=40°C

reaction durations of 60 min or longer, temperature in-
creases above 20 °C can be said not to significantly affect
the system performance. Additionally, due to rapid sep-
aration of H,O, into water and oxygen at much higher
temperatures, the effective use of H,O, reduces
(Babuponnusami and Muthukumar 2014).

4 Conclusion

Based on the experimental results, decolorization of
RB19 from aqueous solutions was successfully
completed with the Fenton oxidation process. Initial
pH, H,O, concentration, Fe(Il) concentration,
DOHF concentration, and temperature were found
to have strong effects on the decolorization. With
H,0, concentration 100 mg/L, Fe(Il) concentration
10 mg/L, pH 3, temperature 20 °C, and 60 min
reaction duration, 100% decolorization was obtain-
ed for 50 mg/L RB19 concentration. The decolori-
zation of RB19 reduced with the increase in initial
RB19 concentration and increased with the in-
creases in reaction temperature and H,O, concen-
tration. Additionally, the DNN-based modeling pro-
viding the best performance was researched for this
subject. According to the experimental results, the
DNN model having the seven hidden layers, relu
activation function and RMSProp optimization
function provided the best performance in terms
of minimum RMSE and maximum R?. The model’s
success is acceptable, but it should be noted that

20 40 60 80 100 120
Time (min)

the limited number of input variables and data
noise could also negatively affect the results. Re-
calibration of the model would be required in future
studies for a more accurate prediction model. Ad-
ditionally, other input parameters may also be con-
sidered for future modeling works. So, future stud-
ies could be more effective for decolorization with
the Fenton process than the current results.
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