
Research Journal of Applied Sciences, Engineering and Technology 7(18): 3691-3698, 2014 
ISSN: 2040-7459; e-ISSN: 2040-7467 
© Maxwell Scientific Organization, 2014 
Submitted: February 06, 2013                        Accepted: May 29, 2013 Published: May 10, 2014 

 
Corresponding Author: Yilian Li, Environmental Engineering Department, China University of Geosciences, Wuhan, 430074, 

China, Tel/Fax: 86-27-87436235 
3691 

 
Taguchi and ANN Modeling of Turbidity Removal Using New Hybrid Flocculant 

 
1, 2Ammar Salman Dawood and 1Yilian Li 

1Environmental Engineering Department, China University of Geosciences, Wuhan, 430074, China 
2College of Engineering, University of Basrah, Basrah, Iraq 

 
Abstract: In this study, aluminum chloride-poly (acrylamide-co-dimethyldiallyammonium chloride) inorganic-
organic hybrid copolymer was synthesized by free radical solution polymerization. The polymerization was initiated 
by the redox initiation system (NH4)2S2O8 and NaHSO3 at 45°C in an aqueous medium. The AlCl3-P(AM-co-
DADAAC) inorganic-organic hybrid copolymer was characterized by Fourier Transform Infrared spectroscopy (FT-
IR) and Transmission Electron Microscopy (TEM). The AlCl3-P(AM-co-DADAAC) hybrid copolymer was 
employed to treat the turbidity of kaolin suspension. Taguchi’s experimental design method was used to determine 
the optimal conditions for turbidity removal. The design variables in this research were the initial concentration of 
kaolin suspension, pH and the AlCl3-P(AM-co-DADAAC) hybrid copolymer dosage. Taguchi Orthogonal arrays, 
the Signal-to-Noise (S/N) ratio and Analysis of Variance (ANOVA) were utilized to determine the optimal level and 
to analyze the effect of design variables in the flocculation process on the turbidity removal. ANN model was per 
formed to predict the final turbidity. According to the values of the error analysis and the coefficient of 
determination, ANN model was found that the proposed model was more appropriate to describe the turbidity 
reduction using the AlCl3-P(AM-co-DADAAC) hybrid copolymer in the flocculation process. The Levenberg-
Marquardt Algorithm (LMA) was found to be the best of the six proposed Back Propagation (BP) algorithms with a 
minimum Mean Squared Error (MSE). The optimum neuron number in the hidden layer of the LMA was 12 neurons 
with MSE of 0.0000004438. Hence, ANN presented a very good performance for turbidity response value. 
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INTRODUCTION 

 
Suspended particles are one of the natural 

pollutants in surface water. Since turbidity in water is 
usually caused by the presence of this impurities. 
However, Kaolin clay particles often produce a turbid 
suspension when they disperse in water. One of the 
most powerful methods of removing colloidal particles 
in water and wastewater is the coagulation/flocculation 
process. Coagulants/flocculants are the key important 
of coagulation/flocculation process. 

Various flocculants including inorganic 
flocculants, organic flocculants, composite flocculants 
and hybrid flocculants have recently been developed. 
The synthesis and the application of inorganic-organic 
flocculants are increasing rapidly now. Research 
focuses on the synthesis of hybrid flocculants, which 
are a combination of both inorganic and organic 
materials. The hybrid flocculants are used as reagents in 
the flocculation process of water and wastewater 
(Dawood and Li, 2012; Lee et al., 2011). Based on their 
advanced preparing procedure the work contains the 
most effective flocculation species and it is more 
effective than the traditional mixing of inorganic salts 
and organic flocculants. In order to achieve better 

flocculation efficiency, synthetic hybrid flocculants are 
often uses in water flocculation (Lee et al., 2010). 

It is highly necessary to optimize the flocculation 
process for effective turbidity removal. Many 
experiments need to be carried out in the flocculation 
process to study the effects of different parameters on 
turbidity removal. This traditional technique of 
accomplishing these experiments is not considered to 
be economical and practical because these experiments 
have to be carried out with all possible parameter 
combinations. For this case, the Design of Experiment 
(DOE) is employed to study the effect of variables and 
their responses with a minimum number of experiments 
(Bhatia et al., 2007). Taguchi method of Orthogonal 
Array (OA) experimental design is a collection of 
statistical techniques that can be used for improving, 
developing and optimizing processes. The Taguchi 
method is utilized to discover the impact of individual 
factors and to find out the relationship between the 
variables and the operational conditions. This method 
also determines the performance at the optimum levels 
by few numbers of experiments.  

Artificial Neural Networks (ANNs) are used in 
many fields of science and engineering because of their 
simplicity towards simulation, prediction and  modeling 
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(Elmolla et al., 2010). ANNs are applied in biological 
wastewater  treatment  (Moral  et  al., 2008; Gontarski 
et al., 2000; Zeng et al., 2003; Baruch et al., 2005; 
Grieu et al., 2005; Ren et al., 2005; Hong et al., 2007; 
Machón et al., 2007; Mjalli et al., 2007; Pai et al., 
2007), electrochemical wastewater treatment 
(Daneshvar et al., 2006;  Murugan  et  al.,  2009; Bhatti 
et al., 2011) and physicochemical wastewater treatment 
(Aber et al., 2007; Aleboyeh et al., 2008; Yetilmezsoy 
and Demirel, 2008; Kardam et al., 2010; Raj et al., 
2010; Aghav et al., 2011; Turan et al., 2011). 

In the present study, a new AlCl3-P(AM-co-
DADAAC) inorganic-organic hybrid copolymer was 
synthesized by free radical solution polymerization. 
The characterization of the new hybrid copolymer was 
examined by Fourier Transform Infrared spectroscopy 
(FT-IR) and Transmission Electron Microscopy (TEM). 
Taguchi method is used to analyze the effect of three 
variables (initial turbidity, pH and dosage of the hybrid 
inorganic-organic copolymer). Taguchi method was 
used to show the optimum flocculation efficiency for 
kaolin suspension by using the new flocculant of AlCl3-
P(AM-co-DADAAC) hybrid copolymer in the 
flocculation process. A model based on Artificial 
Neural Network (ANN) was constructed to predict 
turbidity concentration from kaolin suspension.  

 
MATERIALS AND METHODS 

 
Materials: Acrylamide (AM) was purchased from 
AMRESCO (USA). Diallyldimethylammonium 
Chloride (DADAAC) of (65% solid Content) was 
provided by TelSun Chemical and Scientific Limited 
(China). Ammonium Persulfate (APS) and Sodium 
bisulfite were purchased from Shanghai Reagent Corp 
(China). N, N'-Methylenebisacrylamide (MBA) was 
supplied by Sigma (USA). All other chemicals were 
used as received. All solutions were prepared by using 
deionized water. 
 
Preparation of hybrid copolymer: The AlCl3-P(AM-
co-DADAAC) hybrid copolymer was prepared by free 
radical solution polymerization using ammonium 
persulfate and sodium bisulfite as redox initiator. 
Briefly, 5 g of acrylamide and 5 mL of DADAAC 
monomers were dissolved in 95 mL of deionized water 
and the product solution was moved to 500 mL three-
necked flask equipped with a mechanical stirrer, reflux 
condenser, rubber septum cap and a thermostatic water 
bath. After ward, 10 mg of the cross-linker (MBA) was 
added to the solution and the system was heated to 
30°C, throughout stirred and purged with nitrogen gas 
for 30 min to get rid of the dissolved oxygen from the 
solution. Then, the temperature of the system was 
raised to 45°C, a redox initiator was added to the 

solution to initiate the polymerization, 6.4 mg of 
ammonium persulfate and 1 mg of sodium bisulfite 
were added to the stirred solution under atmospheric 
nitrogen. The polymerization took place for 2 h; an 
equivalent mole ratio of aluminum chloride was then 
added to the medium. The solution was mixed under 
atmospheric nitrogen for 4 h until it became 
homogenous (Lee et al., 2010; Yang et al., 2004). The 
AlCl3-P(AM-co-DADAAC) was filtered, precipitated 
with acetone, vacuum dried and milled. 
 
Characterization of the hybrid copolymer: Infrared 
spectra of the prepared hybrid copolymer were recorded 
using Fourier transform infrared spectroscopy (Nicolet 
6700, Thermo Scientific, USA). The Transmission 
Electron Microscopy (TEM) of the prepared hybrid 
copolymer was investigated by the following method: a 
small amount of the AlCl3-P(AM-co-DADAAC) 
hybrid copolymer was dispersed into ethanol followed 
by ultrasonic treatment for 10 min. One drop of the 
hybrid copolymer solution was then put onto a copper 
grid and dried at room temperature. The final sample 
for the test was visualized using transmission electron 
microscopy (TECNAI G2 20, USA). 

 
Kaolin flocculation: 
Preparing of Kaolin suspension: Kaolin suspension 
was prepared by mixing 2 g of kaolin with 1000 mL of 
distilled water using a magnetic stirrer at room 
temperature. The suspension was then slowly stirred 
and its pH was adjusted to 7.5. Finally, the suspension 
was left to stand overnight. Afterwards, the upper 
supernatant was decanted carefully for further dilution. 
Turbid water was prepared with desired turbidity by 
diluting the kaolin suspension with the distilled water to 
the required turbidity. 
 
Flocculation tests: The flocculation experiments were 
conducted by flocculate the turbid water (80 NTU, 160 
NTU and 240 NTU) using programmable jar-test 
apparatus (TA6, Wuhan, China). The desired turbid 
water was added to the jar after its pH was adjusted to 
the required value by 0.1 M NaOH or 0.1 M HCl 
solution. The turbid water was mixed at a rapid speed 
of 200 rpm for 3 min and followed by a slow speed of 
100 rpm for 6 min. Thereafter, the Jar-test apparatus 
was powered off and the jars were allowed to be 
undistributed settle for 30 min and then the samples of 
the supernatant were withdrawn. The pH of the water 
was measured using HANNA portable pH meter and 
the turbidity of the water was measured with HACH 
DR/890 portable colorimeter.  
 
Taguchi method and design of experiments: Taguchi 
approach was applied to study the effect of three 
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Table 1: Flocculation parameters and their levels 

Factor Flocculation parameter Unit 

Levels 
-------------------------------------------------------------- 
1 2 3 

1 Initial turbid water concentration NTU 80 160 240 
2 pH - 7 9 11 
3 Hybrid copolymer dosage mg/L 0.2 0.4 0.6 
 
Table 2: Taguchi’s L9 (33) orthogonal array 

 
Parameters 
----------------------------------------------------------------- 

Runs A B C 
1 Level 1 Level 1 Level 1 
2 Level 1 Level 2 Level 2 
3 Level 1 Level 3 Level 3 
4 Level 2 Level 1 Level 2 
5 Level 2 Level 2 Level 3 
6 Level 2 Level 3 Level 1 
7 Level 3 Level 1 Level 3 
8 Level 3 Level 2 Level 1 
9 Level 3 Level 3 Level 2 
 
variables on the flocculation of kaolin suspension. 
These variables were turbid water concentration, initial 
pH and dosage of AlCl3-P(AM-co-DADAAC) hybrid 
copolymer. 

In general, the optimized process in Taguchi 
method consists of four main steps, planning, 
conducting, analysis and validation. These main steps 
can be summarized as follows: 
 
• Identifying the factors to be optimized, identifying 

the control factors and their levels and selecting an 
appropriate orthogonal array for the design of 
experiments 

• Performing the experiments according to 
orthogonal array arrangement 

• Analyzing data by calculating the S/N ratio, 
analyzing the experimental results by ANOVA test 
and finding the optimal level for each of process 
parameters 

• Validating experiments by conducting 
confirmation experiments 

 
To observe the influence of flocculation parameters 

(variables) on the response (final turbidity), the three 
parameters of the flocculation process had three levels 
each as shown in Table 1. The advantages of Taguchi 
method are: saving the efforts in conducting 
experiments, saving experiment’s time, reducing the 
cost and exploring significant factors quickly. In order 
to reduce the time and the cost of experiments, nine 
flocculation experiments were conducted according to 
Taguchi optimization method with an L9 orthogonal 
array (Table 2). 

In Taguchi approach, there are three standard types 
of Signal to Noise ratio (S/N). These are: smaller the 
better, normal the better and larger the better. Signal to 
noise ratio depending on the desired performance 
response (Phadke, 1995; Taguchi et al., 1989). The 
Signal to Noise ratio (S/N) of our experiments is of 

type: smaller the better because the factors are used to 
reduce the turbidity by making the system response as 
small as possible. The Signal to Noise ratio (S/N) is 
derived from the quadratic loss function as follows:  
 

( )2

1

1/ 10 log n
ii

S N y
n =

 = −  
 
∑                                (1) 

 
Artificial Neural Network (ANN): Artificial Neural 
Network (ANN) has received considerable attention in 
recent years mostly due to its wide range of 
applications (Aghav et al., 2011; Çelekli and Geyik, 
2011). The common type of ANNs that is frequently 
used for process modeling is layered feed forward 
neural networks, also named as multi-layer perception 
with back propagation learning algorithm. MATLAB 
mathematical software was used to predict the turbidity 
using ANN model. All of Taguchi’s experiments were 
used for model training while three additional 
experiments were used for model validation. The ANN 
model was designed as it contains a three-layered back 
propagation neural network with a tangent sigmoid 
transfer function (tansig) at the hidden layer and a 
linear transfer function (purelin) at the output layer. 
Since the function was sigmoid that was used in the 
hidden layer, then all the inputs data must be 
normalized (Xnorm) in the 0.2-0.8 range as follows 
(Daneshvar et al., 2006): 
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The primary goal of training is to minimize the 

error function by searching for a set of connection 
weights and biases that cause the ANN to produce 
outputs that are equal or close to the target values. 
Mean Square Error (MSE) is used as the error function. 
MSE measures the performance accuracy of the 
network according to the following equation (Çelekli 
and Geyik, 2011; Khataee et al., 2010): 
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MSE Y Y
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              (3) 

 
where, 
N =  The number of data points 
Ypredict  =  The predicted value of turbidity using the 

ANN model 
Yexp  =  The experimental value of turbidity 
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Fig. 1: Fourier Transform Infrared spectroscopy (FT-IR) spectra for the AlCl3-P (AM-co-DADAAC) hybrid copolymer 
 

RESULTS AND DISCUSSION 
 

Characterization of the hybrid copolymer: The 
characterization of the prepared hybrid copolymer was 
carried out using FT-IR and TEM tests. The infrared 
spectra of the hybrid copolymer were shown in Fig. 1. 
The peak observed at 3028 cm-1 was due to the 
stretching vibration of the C-H group. A band at 1592 
cm-1 resulted from -NH- stretching vibration. The band 
at 1652 cm-1 was assigned to C-O stretching vibration 
(Lu et al., 2004). The peak observed at 572 cm-1 
resulted from C-Cl axial bond (Pretsch et al., 2009). It 
can therefore be believed that AlCl3-P(AM-co-
DADAAC) has been synthesized and the final product 
contained both inorganic and organic groups in its 
structure. 

Figure 2 shows the TEM image of the hybrid 
copolymer particles on copper grid. It was noticed 
clearly that the inorganic particles appeared with a size 
of 2-10 nm in diameter and they were linked with the 
organic chains. Hence, it can be said that the AlCl3-
P(AM-co-DADAAC) hybrid copolymer was a 
combination of inorganic and organic materials.  
 
Analysis of S/N ratio: The L9 orthogonal array 
contained nine rows corresponding to the number of 
experiments, with three columns at three levels. The 
final turbidity presented in Table 3 was the responses 
after the flocculation treatment. The S/N values for the 
experiments were calculated according to Eq. (1) and 
these values are listed in the same table. 

Based on the analysis of S/N ratio, the optimum 
obtained turbidity was at 80 NTU of initial turbidity 
(level 1), pH 11 (level 3) and 0.6 mg/L dosage of the 
AlCl3-P(AM-co-DADAAC) hybrid copolymer (level 
3).  

 
 
Fig. 2: Transmission Electron Microscopy (TEM) images of 

the AlCl3-P(AM-co-DADAAC) hybrid copolymer 
 
Analysis of Variance (ANOVA): The ANOVA is 
carried out to inquire the statistical significance of the 
process parameters impacting the response. This was 
attained by comparing the mean square with the 
estimate of the experimental error at specific 
confidence levels. F-test was used to check which 
factor has a significant effect on the response. F-test 
represents the ratio of the mean square error to the 
residual error. p-value was used to show the significant 
level. ANOVA results are shown in Table 4 and Fig. 3. 
All of ANOVA results were carried out at a significant 
level of 0.05. From the ANOVA results, it is clearly 
noted that the dosage of the hybrid copolymer is a 
significant parameter in the turbidity reduction.  
 
Artificial Neural Network (ANN) modeling: Six 
Backpropagation (BP) algorithms were compared to 
select the best suitable BP algorithms and six neurons 
were used in the hidden layer for all BP algorithms. 
Levenberg-Marquardt backpropagation (LMA) with a 
minimum MSE was found as the best algorithms 
between these six Back propagation algorithms    
(Table 5). Thus, LMA was considered the training 
algorithm in the present study. The optimum number of 
neurons was determined by being based on the 
minimum value of MSE of training and the prediction
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Table 3: L9 (33) orthogonal array in coded values, experimental results and S/N ratio 

 
Table 4: Analysis of Variance (ANOVA) for S/N ratios 
Source DF Seq. S.S. Adj. S.S.        Adj. M.S.    F-test p-value 
A 2 41.72 41.72 20.859 3.81 0.208 
B 2 28.15 28.15 14.075 2.57 0.280 
C 2 1455.40 1455.40 727.698 132.74 0.007 
Residual error 2 10.96 10.96 5.482   
Total             8 1536.23     
 
Table 5: Comparison of 6 back propagation algorithms with 6 neurons in the hidden layer 
Back Propagation (BP) algorithm Function MSE Epoch R2 BLE 
Levenberg-Marquardt backpropagation Trainlm 0.0820 1260 0.99997 Y = T + 0.0029 
Powell-Beale conjugate gradient backpropagation Traincgb 0.2714 79 0.99989 Y = T + 0.15 
Polak-Ribi'ere conjugate gradient backpropagation Traincgp 0.2060 217 0.99992 Y = T + 0.15 
BFGS quasi-Newton backpropagation Trainbfg 0.2939 307 0.99988 Y = T + 0.011 
Flecher-Reeves conjugate gradient backpropagation Traincgf 0.3400 189 0.99986 Y = T + 0.013 
Batch gradient descent Traingd 0.5612 5000 0.99998 Y = T + 0.019 
MSE: Mean square error; R2: Correlation coefficient; T: Target; BLE: Best linear equation 
 

 
 
Fig. 3: Effect of flocculation process parameters on turbidity 
 
sets (Yetilmezsoy and Demirel, 2008). The 
optimization was done by using LMA as training 
algorithm and varying neuron number in the range 4-
14. Figure 4 shows the relationship between the number 
of neurons and MSE in LMA algorithm. As shown in 
Fig. 4, the MSE decreased significantly from 0.29389 
to 0.000000310 when the number of neurons changed 
from 4 to 14. Then, it was observed that when the 
number of neuron increased to more than 12, there was 
no significant change in the MSE. Therefore, the 

neuron of 12 was selected to represent the best suitable 
BP algorithms (minimum error) as shown in Fig. 5. 
 
Conformation tests: The purpose of the conformation 
tests is to verify the response based on Taguchi’s design 
method. In this study, the conformation experiments 
were utilized at the levels of the optimal process 
parameters for turbidity in the flocculation process. The 
results of the conformation experiment were found to 
be in good agreement with the optimum value. 

Runs 

Flocculation parameters 
---------------------------------------------------------------------------------------------------- 

Final Turbidity (NTU) S/N ratio Initial Turbidity (NTU) pH Hybrid copolymer dosage(mg/L) 
1 1 1 1 56.8 -35.087 
2 1 2 2 61.3 -35.749 
3 1 3 3 1.5 -3.522 
4 2 1 2 110.7 -40.883 
5 2 2 3 3.8 -11.596 
6 2 3 1 71.1 -37.037 
7 3 1 3 5.2 -14.320 
8 3 2 1 53.8 -34.616 
9 3 3 2 70.2 -36.927 
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Fig. 4: Relationship between the number of neurons and MSE in the LMA 
 

 
 
Fig. 5: Artificial Neural Network (ANN) optimized structure 
 
Mechanism of hybrid copolymer employment: When 
the dosage of the AlCl3-P(AM-co-DADAAC) hybrid 
copolymer increased in the flocculation process, the 
turbidity removal increased with more flocssettling. It 
could be assigned to the bonding between the cationic 
copolymer and the negative edge of the kaolin-
aluminum chloride particles or aggregates through 
electrostatic attraction (Zhu et al., 2009). Whereas, 
when a small dosage of the hybrid copolymer is used, 

small flocs are formed but no apparent aluminum 
hydroxide is formed. As hybrid copolymer dosage is 
increased to 0.6 mg/L, the negative charge of particles 
or floc surface will be neutralized further and repulsive 
interaction between the particles will be reduced, 
leading to the shortening of bridge length between 
particles. Hybrid copolymer has the ability to form 
large size flocs due to both charge neutralization and 
bridging.  
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CONCLUSION 
 

In this study, AlCl3-P(AM-co-DADAAC) hybrid 
copolymer has been successfully prepared and its 
characterization has been done using FT-IR and TEM. 
The hybrid copolymer was employed in the flocculation 
of kaolin suspension. The flocculation process of kaolin 
suspension was modeling using Taguchi approach to 
determine the significance of the variables in the 
flocculation process. ANOVA showed that the AlCl3-
P(AM-co-DADAAC) hybrid copolymer dosage is a 
significant variable in flocculation process of kaolin 
suspension. ANN model of LMA with 12 neurons in 
the hidden layer and one output layer performed better 
than the other proposed models due to its lowest MSE 
value. The implementation of the proposed ANN model 
for the turbidity prediction and by depending on the 
network results that were compared with those obtained 
through experiments, it was found that the predicted 
turbidity using ANN model is in a very good agreement 
with the experimental data (R2 = 1). As well as, the 
ANN model was able to make an accurate prediction of 
turbidity by using small sized training and validation 
data.  

 
ACKNOWLEDGMENT 

 
Financial support from China University of 

Geosciences (CUG) for this research is gratefully 
acknowledged. The authors also thank the China 
Scholarship Council (CSC) for providing Scholarship to 
Ammar Salman Dawood. 

 
REFERENCES 

 
Aber, S., N. Daneshvar, S.M. Soroureddin, A. Chabok 

and K. Asadpour-Zeynali, 2007. Study of acid 
orange 7 removal from aqueous solutions by 
powdered activated carbon and modeling of 
experimental results by artificial neural network. 
Desalination, 211(1): 87-95. 

Aghav, R., S. Kumar and S. Mukherjee, 2011. Artificial 
neural network modeling in competitive adsorption 
of phenol and resorcinol from water environment 
using some carbonaceous adsorbents. J. Hazard. 
Mater., 188(1): 67-77. 

Aleboyeh,   A.,   M.B.    Kasiri,    M.E.    Olya    and   
H. Aleboyeh, 2008. Prediction of azo dye 
decolorization by UV/H2O2 using artificial neural 
networks. Dyes Pigments, 77(2): 288-294. 

Baruch,  I.S.,  G.   Petia,   B.C.   Josefinam   and  
F.D.A. Sebastiao, 2005. Adaptive recurrent neural 
network control of biological wastewater 
treatment. Int. J. Intell. Syst., 20(2): 173-193. 

Bhatia, S., Z. Othman and A.L. Ahmad, 2007. 
Coagulation-flocculation process for POME 
treatment using Moringa oleifera seeds extract: 
Optimization studies.  Chem.  Eng.  J., 133(1): 
205-212. 

Bhatti, M.S., D. Kapoor, R.K. Kalia, A.S. Reddy and 
A.K. Thukral, 2011. RSM and ANN modeling for 
electrocoagulation of copper from simulated 
wastewater: Multi objective optimization using 
genetic algorithm approach. Desalination, 274(1-
3): 74-80. 

Çelekli, A. and F. Geyik, 2011. Artificial Neural 
Networks (ANN) approach for modeling of 
removal of Lanaset Red G on Chara contraria. 
Bioresource Technol., 102(10): 5634-5638. 

Daneshvar, N., A. Khataee and N. Djafarzadeh, 2006. 
The use of Artificial Neural Networks (ANN) for 
modeling of decolorization of textile dye solution 
containing C. I. Basic Yellow 28 by 
electrocoagulation process. J. Hazard. 
Mater.,137(3): 1788-1795. 

Dawood, A.S. and Y.L. Li, 2012. Response Surface 
Methodology (RSM) for wastewater flocculation 
by a novel (AlCl3-PAM) hybrid polymer. Adv. 
Mater. Res., 560: p. 529-537. 

Elmolla, E.S., M. Chaudhuri and M.M. Eltoukhy, 2010. 
The use of Artificial Neural Network (ANN) for 
modeling of COD removal from antibiotic aqueous 
solution by the Fenton process. J. Hazard. Mater., 
179(1): 127-134. 

Gontarski,  C.A.,  P.R.  Rodrigues,  M.   Mori   and  
L.F. Prenemb, 2000. Simulation of an industrial 
wastewater treatment plant using artificial neural 
networks. Comput. Chem. Eng., 24(2): 1719-1723. 

Grieu, S., A. Traoré, M. Polit and J. Colprim, 2005. 
Prediction of parameters characterizing the state of 
a pollution removal biologic process. Eng. Appl. 
Artif. Intell., 18(5): 559-573. 

Hong, S.H., M.W. Lee, D.S. Lee and J.M. Park, 2007. 
Monitoring of sequencing batch reactor for 
nitrogen and phosphorus removal using neural 
networks. Biochem. Eng. J., 35(3): 365-370. 

Kardam, A., K.R. Raj, J.K. Arora, M.M. Srivastava and 
S. Srivastava, 2010. Artificial neural network 
modeling for sorption of cadmium from aqueous 
system by shelled Moringa Oleifera seed powder as 
an agricultural waste. J. Water Res. Protect., 2(4): 
339-344. 

Khataee,  A.R.,  G. Dehghan, A. Ebadi, M. Zarei and 
M. Pourhassan, 2010. Biological treatment of a dye 
solution by Macroalgae Chara sp.: Effect of 
operational parameters, intermediates identification 
and artificial neural network modeling. 
Bioresource Technol.,101(7): 2252-2258. 

Lee, K.E., T.T. Tjoon, M. Norhashimah, T.P. Beng and 
F.H. Yong, 2010. Flocculation of kaolin in water 
using novel calcium chloride-polyacrylamide 
(CaCl2-PAM) hybrid polymer. Sep. Purif. 
Technol., 75(3): 346-351. 

Lee, K.E., T.T. Tjoon, M. Norhashimah, T.P. Beng and 
M. Mohanapriya, 2011. Flocculation activity of 
novel ferric chloride-polyacrylamide (FeCl3-PAM) 
hybrid polymer. Desalination, 266(1): 108-113. 



 
 

Res. J. Appl. Sci. Eng. Technol., 7(18): 3691-3698, 2014 
 

3698 

Lu, S., S. Lin and K. Yao, 2004. Study on the synthesis 
and application of starch‐graft‐poly 
(AM‐co‐DADMAC) by using a complex initiation 
system  of  CS‐KPS.   Starch‐Stärke,   56(3‐4): 
138-143. 

Machón,   I.,   H.    López,    J.    Rodríguez-Iglesias,   
E. Marañón and I. Vázquez, 2007. Simulation of a 
coke wastewater nitrification process using a feed-
forward neuronal net. Environ. Model. Softw., 
22(9): 1382-1387. 

Mjalli, F.S., S. Al-Asheh and H. Alfadala, 2007. Use of 
artificial neural network black-box modeling for 
the prediction of wastewater treatment plants 
performance. J. Environ. Manage., 83(3): 329-338. 

Moral, H., A. Aksoy and C.F. Gokcay, 2008. Modeling 
of the activated sludge process by using artificial 
neural networks with automated architecture 
screening.   Comput.   Chem.   Eng.,   32(10): 
2471-2478. 

Murugan,  A.A.,  T.  Ramamurthy,  B.  Subramanian, 
C. Srinivasa Kannan and M. Ganesan, 2009. 
Electrocoagulation of Textile Effluent: RSM and 
ANN modeling. Int. J. Chem. React. Eng., 7(1). 

Pai, T., Y.P. Tsai, H.M. Lo, C.H. Tsai and C.Y. Lin, 
2007. Grey and neural network prediction of 
suspended solids and chemical oxygen demand in 
hospital wastewater treatment plant effluent. 
Comput. Chem. Eng., 31(10): 1272-1281. 

Phadke, M.S., 1995. Quality Engineering using Robust 
Design. Prentice Hall PTR, Upper Saddle River, 
New Jersey. 

Pretsch, E., P. Bühlmann and M. Badertscher, 2009. 
Structure Determination of Organic Compounds: 
Tables of Spectral Data. Springer, Berlin. 

Raj, K.R., A. Kardam, J.K. Arora, M.M. Srivastava and 
S. Srivastava, 2010. Neural network modeling for 
Ni (II) removal from aqueous system using shelled 
moringa oleifera seed powder as an agricultural 
waste. J. Water Res. Protect., 2(4): 331-338. 

Ren, N., Z. Chen, X. Wang, D. Hu and A. Wang, 2005. 
Optimized operational parameters of a pilot scale 
membrane bioreactor for high-strength organic 
wastewater treatment. Int. Biodeter. Biodegr., 
56(4): 216-223. 

Taguchi, G., E.A. Elsayed and T.C. Hsiang, 1989. 
Quality Engineering in Production Systems. 
McGraw-Hill, New York. 

Turan, N.G., B. Mesci and O. Ozgonenel, 2011. 
Artificial Neural Network (ANN) approach for 
modeling Zn (II) adsorption from leachate using a 
new biosorbent. Chem. Eng. J., 173(1): 98-105. 

Yang, W., J. Qian and Z. Shen, 2004. A novel 
flocculant of Al (OH)3-polyacrylamide ionic 
hybrid. J. Colloid Interf. Sci., 273(2): 400-405. 

Yetilmezsoy, K. and S. Demirel, 2008. Artificial Neural 
Network (ANN) approach for modeling of Pb (II) 
adsorption from aqueous solution by Antep 
pistachio (Pistacia Vera L.) shells. J. Hazard. 
Mater., 153(3): 1288-1300. 

Zeng, G.M., X.S. Qin, L. He, G.H. Huang, H.L. Liu and 
Y.P. Lin, 2003. A neural network predictive 
control system for paper mill wastewater treatment. 
Eng. Appl. Artif. Intell., 16(2): 121-129. 

Zhu, Z., T. Li, J. Lu, D. Wang and C. Yao, 2009. 
Characterization of kaolin flocs formed by 
polyacrylamide as flocculation aids. Int. J. Miner. 
Process., 91(3): 94-99. 

 

View publication statsView publication stats

https://www.researchgate.net/publication/283582272

