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ABSTRACT: Thepredictiveability of Response Surface Methodology (RSM) And Artificial Neural Network
(ANN) in the modelling of photo-Fenton degradation of Rhodamine B (Rh-B) wasinvestigated in the present
study. The dye degradation was studied with respect to four factors viz., initial concentration of dye,
concentration of H,O,and Fe** ions and processtime. Central Composite Design (CCD) was used to evaluate
the effect of four factors and a second order regression model was obtained. The optimum degradation of
99.84% Rh-B was obtained when 159 ppm dye, 239 ppm H.0,, 46 ppm Fe** were treated for 27 min. The
independent variables were fed as inputs to ANN with the percentage dye degradation as outputs. For the
optimum percentage dye degradation, athree-layered feed-forward network wastrained by L evenberg-Marquardt
(LM) agorithm and the optimized topology of 4:10:1 (input neurons: hidden neurons: output neurons) was
developed. A high regression coefficient (R?= 0.9861) suggested that the developed ANN model was more

accurate and predicted in a better way than the regression model given by RSM (R?2=0.9112).

K ey wor ds: Photo-Fenton process, Rhodamine B degradation, Response surface methodology,

Artificial Neural Network

INTRODUCTION

Production and dyeing of clothes are one of the
important commercial activities in many Asian
countries. However, a huge amount of chemical and
biochemical waste are produced in these processes.
Theliterature reveal sthat more than 100,000 different
dyes are available and 7x10° tons of dyestuffs are
produced every year (Robinson et al., 2001). Substantial
amount of them arereleased in textile col oration process
which presents the main cause of pollution (Pearce et
al., 2003; Kariyajjanavar et al., 2012). Dyesaremainly
dividedinto acidic, basic, direct and reactive dyes. They
have delocalized electron systems with conjugated
double bonds, achromophore aswell asan auxochrome
group (Rangabhashiyam et al., 2013). They are
produced to be highly stable against many chemicals
and natural conditions (Guimaraes et al., 2012). The
molecular structure and the synthetic origin not only
makes them difficult to decolorize but also highly water-
soluble (Baldev et al., 2013). Most of the dye effluents
are hard to treat, high in volume and contains harmful
chemicals. They exhibit toxic and carcinogenic effects
on biological systems and reduce the photosynthesis
due to the absorbance of light that enters the water.
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Rhodamine B (Rh-B), one of themost important stable
xanthene dyes, is also known as Basic Violet 10, and
used in the textile industry for colouring (Baldev et
al., 2013). Unfortunately, it is harmful for aguatic
communitiesand also causesirritation of the skin and
eyes (Nagargja et d., 2012). Moreover, this dye is
carcinogenic, neurotoxic and has a potential chronic
toxicity towards humans, which makesit necessary to
find areasonable way of degrading Rh-B from aqueous
solutions (Torrades and Garcia-Montario, 2014).

Many different ways of treating dye-containing
wastewater have been studied so far, like coagul ation,
flocculation, foam flotation, membrane filtration and
biological treatment. These methods differ in their
efficiency, cost and environmental impact (Torrades
and Garcia-Montafio, 2014). One the most effective
processes of degradation of dye in textile effluentsis
advanced oxidation processes (AOP) which includes
photolysis, Fenton and photo-Fenton processes. All
these methods depend on the formation of hydroxyl
radicals (OH¢) which have high oxidative power.

The Fenton’s reagent consists of ferrous sulphate
(FeSO,) as a homogenous catalyst and hydrogen
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peroxide (H,O,) asan oxidation agent. The conventional
Fenton process is based on the formation of OHe
radicals by electron transfer (Eq. 1) (Basturk and
Karatas, 2014). Thesein-situ produced radicasinitiate
the non-selective destruction of the organic pollutants
by attacking the unsaturated dye molecule and
destroying the chromophores (Eq. 2-3) (Gan and Li,
2013; Siddiqueet a., 2014).

Fe?* + H,0, — Fe3* + OH™ + OH @
OH «'+ organic dye — intermediates (]
OH «'+ intermediates — CO, + H,0 €)

+ mineralization products

The major setback of Fenton reaction is the
accumulation of Fe* ions and the reaction does not
proceed further, once al the Fe** ions are consumed.
On the other hand, in photo-Fenton process, Fe* ions
can react with water in the presence of UV radiation
and can regenerate Fe** by photoreduction (Eg. 4).
The newly generated Fe** can react with H,0O, and
generate other free hydroxyl radicals as per Eq.1 and
the cycle continues (Torrades and Garcia-Montafio,
2014).

Fe** + H,0 + hv — Fe?* + H* + OH » @

The major setback of Fenton reaction is the
accumulation of Fe* ions and the reaction does not
proceed further, once al the Fe** ions are consumed.
On the other hand, in photo-Fenton process, Fe* ions
can react with water in the presence of UV radiation
and can regenerate Fe?* by photoreduction (Eq. 4).
The newly generated Fe** can react with H,O, and
generate other free hydroxyl radicals as per Eq.1 and
the cycle continues (Torrades and Garcia-Montafio,
2014).

Therefore the photo-Fenton process generates
many OHe, which increases the rate of degradation of
pollutants as compared to the conventional Fenton
process (Babuponnusami, and Muthukumar, 2014).
The effectiveness of photo-Fenton process depends
on many factors such as pH, temperature, source of
light, the initial dye concentration, the concentration
of H,O, and Fe**. Therefore, itisessential to optimize
the process by using specific optimization tools. In
recent times, the use of response surface methodology
(RSM) and artificial neural network (ANN) aregaining
importance for modelling and optimization of many
environmental processes (Kasiri et al., 2008, Noori et
al., 2011 and Noori et a., 2013) Boththemodelsegtimate
the relationship between the input factors and output
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responses of a process using the experimental values.
Finally, the models are used to estimate the optimum
conditions of the process (Marchitan et al., 2010).

In the literature, RSM has been applied for Rh-B
dye degradation using sono-catalytic process (Pang
et al., 2011) and heterogeneous Fenton-like catalyst
system (Xu et al., 2013). However, it isevident from
the existing literature that there are no reports dealing
with the comparison of RSM and ANN modelling for
the Rh-B dye degradation by photo-Fenton process.

Therefore, the objectives of the present
investigation are (1) optimizing of the degradation of
Rh-B by photo-Fenton process using RSM by taking
four factorsviz., concentration of Rh-B, H,O,, Fe* and
time; (2) developing an ANN model and predicting the
output of the photo-Fenton process.

MATERIALS& METHODS

(a) Chemicals: Analytical-grade RhodamineB (C.I.
Basic Violet 10) was used without any further
purification and purchased from Hi Media, India. H,O,
and FeSO,.7H,O were purchased from Merck. The
required stock solutions of each component were
prepared with Millipore-Milli-Q water.

(b) Photo-Fenton experiments: All the photo-
Fenton experiments were performed in 25 ml beakers
under roomtemperature. The sampleswere putinaUV
Cabinet (Rotek Instruments, 230 V, 40 W, B&C
Industries, Kerala, India) and irradiated with short
wavelength of A = 254 nm. For the determination of
the degradation of dyes, UV/Vis measurements were
performed at the absorbance maximum of A =552 nm
using the UV/Vis spectrometer UVmini-1240 (UV-VIS
Spectrometer, Shimadzu, Kyoto, Japan) at regular time
intervals. Initially a dilution series was prepared to
plot acalibration graph of Rh-B concentration versus
absorbance.

(c) Experimental design by RSM: With aview to
investigate the influence of the concentration of Rh-
B, H,0O,, F&?* and time on the degradation of Rh-B, a
central composite design (CCD), which is one of the
response surface methodologies, was used. Based on
the previous experimental results, the levels of each
factor were chosen and the vaues with both coded
and uncoded forms are shown in the Table 1.

A total number of 30 experimental runs with
different arrangements of levels of each factor are
showninTable 2. It consistsof 16 factorial runs (24 full

factorial), 8 axial runs(at adistanceof ; = 525 = 2
fromthe centre) and 6 centre point runsto estimate the

quadratic effect of variables on the response. The
effects of extraneous factors were avoided by
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conducting all the experiments in a random order
(Montgomery, 2008).

The percentage dye degradation (% Y) was cal cul ated
by using

%Y =100* (C-C)/C, (5)

where C_and C, are the initial and final
concentrations of Rh-B respectively. After the
completion of the experiments, the percentage dye
degradation, Y was taken as the response and
regression analysis was doneto fit into a second order
polynomial equation.

Y =B+ X1 B x) + X1 (Bii - xF)
+ 2,

[3;: regression coefficient, x;: factors: €: error

©
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The coefficients of this equation were calcul ated
by the method of least squared error analysis. The
statistical significance of the model and coefficients
were checked by analysisof variance (ANOVA) (Wang
and Wan, 2009a). The design and analysis of the
experimental runs were performed with the statistical
package software, Design Expert 7.0.0.

The coefficients of this equation were calcul ated
by the method of least squared error analysis. The
statistical significance of the model and coefficients
were checked by analysisof variance (ANOVA) (Wang
and Wan, 2009a). The design and analysis of the
experimental runs were performed with the statistical
package software, Design Expert 7.0.0.

(d) Modelling using ANN: ANN is a branch of
artificial intelligencewhich isused to solve challenging
problems like classification (speech recognition),
forecasting, and optimization or multivariate data
analysis using experimental data, field observations
or evenincompl ete or fuzzy data sets (Kal ogirou, 1999)
. It can provide accurate solutions for highly complex
and non-linear problems with many interrelating
parameters and hastherefore a better modelling ability

than RSM (Basheer and Hajmeer, 2000). ANN hasbeen
already successfully used for many environmental
applications(Noori et al., 2010a& 2010b).

The general network architecture of ANN is
described by an input layer (IPL) receiving data, one
or more hidden layers (HL) and output layer (OPL)
presenting the desired response. Weights connect the
neurons of thelayersaswell as storing the knowledge.
Biases are not connected to the IPL, but are able to
influence the hidden neuronsindependently and serve
as a threshold. The net input is passed forward from
the IPL to the HL and is processed by the neuronsin
the HL using atransfer function, e.g. linear, binary or
sigmoid. The same procedure applies for the transfer
of datafromthe HL to the OPL (Wang and Wan, 2009b).
Before anetwork can be used for reproduction of data
or optimization of processes, it has to be trained by
presenting input data and targets. To learn the
interrelationship between theinput parameters and the
output, the weights are modified in a certain way until
the desired output is given (Wang and Wan, 2009b).
Thismodification isdone by asuitable learning method
which defines how the weights should be adjusted. In
this study, a ‘feed-forward error-back propagation’
algorithm has been employed. In this method, each
iteration iscomposed of forward activation to produce
a solution and the backward propagation of the
calculated error to adjust the weights. The mean
squared error (MSE) is propagated backwards from
the OPL through the HL to the IPL, modifying the
interconnecting weights. Thus, the validation is used
to measure generalization of the network and stop the
training, when no further improvement of generalization
is noticed. During the third part, the testing, unused
dataissupplied to the network. When the M SE reaches
the desired value, the training process is stopped.
Together, the optimum weights matrices and bias
matrices define the newly created ANN.

The experimental data obtained from the CCD
matrix were used to train, test and validate the ANN
model. The ANN modelling was executed with
MATLAB 2013a (The Mathworks Inc., USA). The
prediction accuracy and the degree of fitness of the

Tablel.Actual and coded levelsof factor sof the CCD experiments

Coded levels
Factor Variables Unit
-2 -1 0 1 2
A Dye concentration ppm 50 100 150 200 250
Hydrogen peroxide

B concentration ppm 75 150 225 300 375
C Fe”* concentration ppm |20 |30 40 50 60
D Time min 3 12 21 30 39
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ANN model were evaluated by calculating the
following factors (Eq. 7 — 10) viz., Mean Square Error
(MSE), Root Mean Square Error (RMSE), Standard
Error of Prediction (SEP), Average Absolute Relative
Deviation (AARD).

MSE = ZELl[Yi.exp*Yi,pred]z @
n
RMSE = Jz?ﬂ["f-exr"i.prea]z )
n
SEP (%) = 100 + 2£E ©)
ave
AARD(E) = 100+ Z?Ll[ Yi,exfi:;;pred] 0

RESULTS& DISCUSSIONS
(a) Modelling of dye degradation using RSM: A
total number of 30 experiments were performed
according to the CCD matrix to investigate the photo-
Fenton process. Each of the experimental runsin the
design matrix was unique which represented a specific
combination of the four independent factors viz., dye
# concentration, H,O, concentration
andtime, with five different levels. For each experiment,
the response (percentage degradation, %Y) was
calculated and shown in the Table 2. The levels were
coded sincethe variables had different unitsand limits
(Gobetal., 1999). Thelast 6 runswere exactly the same,
in order to account for the experimental error. The
results of the experimentswere used, together with the
input data, to explore the relationship between
dependent variables and the output. With the help of
RSM, the following second order regression model
(Eg. 11) wasobtained. Theregression model, however,
wasonly validin therange of experimental factor levels

(50 < ¢ (RhB) < 250 ppm; 75 < ¢ (H202) <375 ppm;

20 < ¢ (Fe2+) < 60 ppm; 3< time < 39 min).

(11)
Y =957 -477 *A + 1.16*B + 7.91*C + 7.43*D +
0.36*A*B + 3.33*A*C + 1.87*A*D + 0.27*B*C +
0.56*B*D —4.87*C*D + 0.41*A%0.05*B2-3.77*C*-
4.87*D?

The coefficients’ significance was tested by
student’s t-test and the accuracy of the regression
model was evaluated by ANOVA (Table 3).

The analysis was done at 95% confidence interval.
Themodel F-value of 10.99 and p < 0.0001 implied the
significant model attainment. Therewasonly a0.01%
chance that amodel F-value could occur due to noise.
Moreover, P<0.05indicatesthesignificant mode terms.
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In this case, the linear terms A, C, D, theinteraction
termsAC, CD, and the quadratic terms C2 and D? were
significant model terms.

Ingenerdl, for asatisfactory highly correlated model,
the range of correlation coefficient R% should lie
between 0.9 and 1. In the present study the R? of the
model was0. 9111 which indicated that 91.11% of the
experimental dataand predicted data can be explained
by the model and thus confirmed the significance of
the model. According to (Sohrabi et al., 2014), the
coefficient of variation, CV should not be greater than
10% for amodel to bereproducible. The CV obtained
in this study was 6.42 %, which indicated precision
and reliability of the results. Another important
parameter is the adequate precision, which measures
the signal-to-noise ratio. The value of 12.461 in this
study indicated an adequate signal, which should be
greater than 4 for adesirable model. Fig 1 indicates
the goodness-of-fit model using the predicted and
actual values of the RSM model, where the R? was
09112.

The interactive effect between the four variables
on dye degradation was studied by examining the
three-dimensional response surface plots (Fig 2). The
3D plotswere constructed against two variableswhile
keeping the remaining variables at their corresponding
mid-value. The concave curved surfacesinthefigures
indicate the possihility of obtaining amaximum value
withinthelevelschosen. It also confirmsthe interaction
between the factors and the correctness of a second-
order regression model.

Fig.2a shows the dependency of dye degradation
on Fe** and dye concentration. While plotting this
graph, H,0, and time were maintained in their mid-
levels. When the dye concentration wasincreased from
low (50 ppm) to high concentration (250 ppm), the
percentage of dye degradation decreased at the low
level of Fe** (20 ppm). This could be due to the lesser
amount of hydroxyl free radicals formed, to degrade
thelarge number of dye molecules(Sohrabi et al., 2014;
Tamimi et a., 2008). However, at the high level of Fe**
(60 ppm), the degradation percentage did not have a
significant effect. Thisremained at ahigh valuewhich
may be due to the saturation of Fe** ions. Thefact that
the increase in degradation percentage at lower Fe**
concentration and remaining constant at a higher Fe?*
concentration reinforced the interaction between the
concentration of Fe** and dye. This was further
supported by the value of P which was |lessthan 0.05.
Fig. 2b shows the dependency of dye degradation on
Fe?* concentration and time. The plot was constructed
by maintaining H,0, and dye concentrations at their
mid-levels. When the timewasincreased from 3to 39
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Table2. Experimental design matrix and response based on experimental runsand predicted valuesby CCD

andANN
Factor Level Response, Y (%)
Exp.No:

A B C D Expt. CCD ANN

1 -1 -1 -1 -1 84.25 77.19 84.25

2 1 -1 -1 -1 59.05 56.52 59.05

3 -1 1 -1 -1 84.05 77.15 84.05

4 1 1 -1 -1 58.11 57.91 59.91

5 -1 -1 -1 98.6 95.56 98.60

6 1 -1 1 -1 91.65 88.23 91.65
7 -1 1 1 -1 98.9 96.59 96.75
8 1 1 1 -1 93.25 90.68 93.25
9 -1 -1 -1 1 97.15 96.95 97.54
10 1 -1 -1 1 83.65 83.76 83.65
11 -1 -1 1 97.91 99.13 97.91
12 1 -1 1 87.11 87.38 87.11
13 -1 -1 1 1 97.83 95.83 97.83
14 1 -1 1 1 91.85 95.98 91.85
15 -1 1 1 99.32 99.08 99.32
16 1 1 1 95.81 100.67 95.81

17 -2 0 0 99.11 106.89 101.56

18 2 0 0 90.62 87.81 86.95
19 0 -2 0 0 88.64 93.16 93.80
20 0 2 0 0 97.35 97.80 97.35
21 0 0 -2 0 59.62 64.77 62.41
22 0 0 2 0 96.61 96.43 96.61
23 0 0 0 -2 49.83 61.36 49.83
24 0 0 0 2 97.65 91.09 97.65
25 0 0 0 0 92.21 95.70 95.19
26 0 0 0 0 96.35 95.70 95.19
27 0 0 0 0 96.7 95.70 95.19
28 0 0 0 0 96.55 95.70 95.19
29 0 0 0 0 96.82 95.70 95.19
30 0 0 0 0 95.55 95.70 95.19
AARD (%) 3.66 1.07
RMSE 4.04 1.62
SEP (%) 4.54 1.82
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Table3. ANOVAtablefor RSM modd

Source Coefficient Sum of DF M ean F value P value
sguares sguare
Model 95.69667 5029.701 14 359.2644 10.99313 < 0.0001*
A -4.77125 546.3558 1 546.3558 16.71795 0.0010*
B 1.160417 32.3176 1 32.3176 0.988887 0.3358
C 7.912917 1502.742 1 1502.742 45,98242 < 0.0001*
D 7.43375 1326.255 1 1326.255 40.5821 < 0.0001*
AB 0.358125 2.052056 1 2.052056 0.062791 0.8055
AC 3.334375 177.8889 1 177.8889 5.443224 0.0340*
AD 1.871875 56.06266 1 56.06266 1.715462 0.2100
BC 0.266875 1.139556 1 1.139556 0.034869 0.8544
BD 0.556875 4.961756 1 4.961756 0.151825 0.7023
CD -4.87188 379.7627 1 379.7627 11.62036 0.0039*
A2 0.413229 4.683657 1 4.683657 0.143315 0.7103
B/2 -0.05427 0.080786 1 0.080786 0.002472 0.9610
Ccr2 -3.77427 390.7233 1 390.7233 11.95575 0.0035*
D"2 -4.86802 649.9921 1 649.9921 19.88911 0.0005*
Residual 490.212 15 32.6808
Cor Total 5519.913 29

* significant at 95% confidence interval

SD: 5.72; R2: 0.9111; Adeg. Precision: 12.4605 ; C.V.%: 6.42

CCD

100

20

80

Y Predicted (?""-")

60

50

40 T T
40

70 80 90 100

Y Experimental (%)

Fig. 1. Scatter plot of predicted vsexperimental % dyedegradation from RSM model

min, the dye degradation percentage increased at the
low level of Fe** (20 ppm). However, at the highlevel
of Fe** (60 ppm), the degradation % increased till 21
min and further increase in time decreased the
degradation percentage. Since the effect of timerelied
on the level of Fe*, these two show significant
interactions (low P value of 0.0039). The decrease in
percentage dye degradation may be caused by
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scavenging of free OHe free radicals (Torrades and
Garcia-Montafio, 2014) by the high concentration of
Fe?* to form Fe* (Eq. 12), which resulted in the UV
light absorption and caused the recombination of OHe
freeradicals(Ebrahiemet a., 2013).

Fe? + OHe > Fe* + OH- (12)
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Fig. 3. Perturbation plot showing theeffect of variableson % Dyedegradation

Fig. 3 shows the perturbation plot, which gives
the comparative effects of the variables on dye
degradation. Thisplot showsthe variation in the output
as each factor changes from a chosen reference point
while the remaining factors are kept constant at the
reference point. A substantial slope or curvature in a
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factor implies that the output is very sensitive to the
change in the factor (Kalariya et al., 2014). In the
present study, the steep curvature in C (Fe**) and D
(time) curves showed that the dye degradation was
very sensitive to these variables. Curve A (dye
concentration) was less sensitive when compared to
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curves C and D. A flat profile for factor B (H,0,)
indicated that it had no sensitivity towards the
response. Therefore the most significant factor in the
dye degradation was Fe?* followed by time and dye
concentration. This fact was corroborated by the
absolute values of the coefficients of linear terms as
giveninTable3, whichfollowed theorder: C>D>A>
B. Inaddition to these, the | east sensitive factor B was
not significant (P > 0.05) whereas the other factorsA,
Cand D weresignificant (P<0.05).

In order to find out the optimum percentage dye
degradation, the second order regression equation
was solved by using the desirability function
(Satapathy and Das, 2014) and the conditions for a
desirability of 1 were as follows: Dye concentration —
159.27 ppm; H,O, concentration — 239.21 ppm; Fe**
concentration — 46.18 ppm; Time — 27.29 min and the
predicted % dye degradation — 99.95%. Confirmatory
experiments were done with dye concentration — 159
ppm; H,0, concentration — 239 ppm; Fe* concentration
— 46 ppm and time — 27 min and the calculated % dye
degradation were found to be 99.84%, which was close
to the predicted value. The degradation process at
optimized conditions is shown in Fig 4. It can be
noticed from the figure that the characteristic peak of
Rhodamine B, A =552 nm disappearsat the end of the
photo-Fenton process which confirms the complete
degradation of dye. The visual images of the
degradation process are also shown in the Fig 4.

(b) Modelling of dye degradation using ANN: For
analysing and modelling the photo-Fenton process of
the degradation of Rh-B, artificial neural network was

used. The crucial step in ANN is the selection of
network size, the number of hidden layers and hidden
neurons. The CCD data set was used to create a
network model with an IPL, one HL and an OPL. The
experimental data was divided into three categories,
namely, training (70%), validation (15%) and testing
(15%). The performance of the trained model against
new data was checked the testing set. The results of
this set provided an independent measure of the
performance of the ANN model, during and after
training(Linetal., 2008).

The network was trained using Levenberg-
Marquardt back-propagation algorithm (EImollaet al.,
2010). A hyperbolic tangent sigmoid transfer function
(tansig) was employed for processing the data in the
HL and alinear transfer function (purelin) wasused to
determine the effect of the values on the output nodes.
The connections between the different layers and
neurons were represented by weights and biases. IW
and HW represented theinput and HL weight matrices,
respectively. Ib and Ob represented the biases of input
and OPL respectively. Thetraining was stopped when
MSE reached a minimum (Sabzevari and Moosavi,
2014) and the optimum values for weights and biases
were saved to define the ANN model. The optimal
number of hidden neurons was determined by adding
neuronsduring the training and comparing the R%, MSE
and AARD of each network (Table 4).

Since MSE, R? as well as AARD % values has
reached aminimum for 10 hidden neurons, the optimum
number of neurons in the HL is 10. Therefore, the
selected topology of ANN in the present study

Before degradation
e -
@
L*]
c
L]
o
=
-]
“i
o
<
400 450 500 550 600
A/nm

Fig. 4. Absor ption spectra of RhodamineB beforeand after thedegradation by photo-Fenton processat
optimized conditions
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consisted of 4 input neurons, 10 hidden neurons and
one output neuron (4:10:1). The optimal structure of
the ANN model inthisstudy isshowninFig. 5 and the
optimized weights and biases of the developed model
aregivenin Tableb.

TheANN model devel oped for the prediction of % dye
degradation was being described using the inputs X,
and the output Y (Sathish, and Prakasham, 2010) as:

(14)

Y = purelin (HW * tansig (IW) * X; + 1b) + Ob)

Table4. Resultsof topology studiestofind the optimal ANN configuration

Number of Error Analysis
Hidden neurons R? M SE AARD (%)

4 0.93 27.1848 3.353516
8 0.98 8.879109 1.751032
10 0.99 2.63 1.071695
12 0.97 13.3162 2.358209
14 0.93 36.98525 5.444711
Input layer Hidden layer Output layer

c (Rh-B)
c {HzOz]

¢ (Fe®)

time

% Degradation

Fig. 5. Sructureof ANN modd used for theprediction of % Dyedegradation

Table5. Optimum values of weight matricesand biasesresulting from ANN model

HW Ib Ob

1.4258 1.0306 -0.2585 1.398 -0.1788 -2.719 -1.2497
1.4985 -0.3544 | -3.6242 | -1.8194 | -0.7187 | -2.4961
-0.7666 | -1.5137 | -1.2355 | -0.6316 | -0.0511 1.1378
3.8551 -1.6939 | -0.8707 | -0.6713 | -0.1726 | -0.0718
-3.9187 0.3368 0.3455 -0.539 -0.5289 | -0.3498
2.8403 -0.0095 | -0.1156 0.5739 -0.5609 0.4198

1.883 -1.7552 0.2922 0.1536 0.0048 0.8872

0.661 -0.9254 0.4194 3.943 1.4968 3.9616

0.497 -2.3366 -0.653 -0.1522 | -0.0477 2.0206
-1.6979 0.1736 -1.4078 0.2699 0.1837 -2.8443
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By using the weights and biases, the output of
the ANN model was calculated and given in Table 2.
The low values of RMSE, AARD and SEP suggested
that the model given by ANN was more accurate
compared to the regression model of RSM. The
correlation between the experimental values and the
calculated responses from the ANN model for the %
dye degradation is shown in Fig 6. The correlation

ANN

100

coefficient of 0.9861 of the plot indicated thereliability
of theANN model inthesystem (Kyranpan et al., 2015).

In addition, the residual error (Maran and Priya,
2015) was calculated for both the modelsand it can be
seen from the Fig. 7 that the deviation between
experimental and predicted values of ANN model was
very less as compared to the RSM model (Fig. 7).

-] == o
= = =
1 | I

Y Predicted (Y0)

=)
=
1

50 ~

40 | |

40 50 60

.
Y Experimental |

70

30 80 100

(%0)

Fig. 6. Scatter plot of predicted vsexperimental % dyedegradation from ANN model
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Fig. 7. Residual error shetween predicted and experimental % dyedegradation from RSM and ANN models
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CONCLUSIONS

Photo-Fenton process was used to degrade Rh-B
and the various process parameters such as initial
concentration of dye, process time, concentration of
H,O, and Fe** ions were optimized by using response
surface methodology, which gave a second-order
regression equation. The optimum process conditions
were found out to be initial dye concentration — 159
ppm; H,O, concentration — 239 ppm; Fe* concentration
— 46 ppm and Time — 27 min with 99.84% dye
degradation. Both RSM and ANN models were in
coherent with the experimental results. Thelow values
of root mean square (RM SE), average absol ute relative
deviation (AARD) and standard error of prediction
(SEP) suggested that the developed ANN model was
more accurate compared to the regression model given
by RSM. Therefore ANN could serve as a tool to
accurately predict and model the dye degradation
process.
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