
  
Abstract—Industrial wastewater is a major source of 

environment pollution and synthetic dyes are the most 
undesirable pollutant of the water. Wastewater treatment 
processes have been widely discussed in literature to find 
economic and safe solutions for water quality problem. In this 
paper, soft computing methodologies are used to model and 
optimize the dye removal process. Combination of Artificial 
Neural Networks and Genetics Algorithm results in a hybrid 
approach that contains advantages of each method. An 
Artificial Neural Network is trained using an experimental data 
set to approximate the relation between initial dye 
concentration, adsorbent, pH, and contact time as inputs and 
dye removal percentage as output. Genetic algorithm approach 
is employed to suggest the best combination of input elements to 
maximizing dye removal for each initial dye concentration 
produced by factory.  This combination decreases the costs and 
time of the process and has economical profits for large 
factories. 
 

Index Terms—Dye removal process, Artificial Neural 
Networks, Genetic Algorithms, optimization, wastewater 
treatment.  
 

I. INTRODUCTION 
Synthetic dyes are widely used in dyestuffs, textile, rubber, 

paper, plastic, and cosmetic industries for coloring purposes    
due to their color variety, fastness, and ease of production as 
compared to natural dyes. They produce a large amount of 
colored wastewater. It is recognized that public perception of 
water quality is greatly affected by the color. Color is the first 
contaminant to be recognized in wastewater, and it is the 
most undesirable pollutant of the water . Majority of these 
dyes are composed of aromatic rings in their structure, which 
makes them carcinogenic and mutagenic . Therefore, there is 
an essential need to remove different dyes from the 
dye-containing wastewaters. There are lots of 
physicochemical processes including biological treatment, 
flocculation-coagulation, advanced oxidation process, and 
adsorption. Among these techniques, adsorption has been 
shown to be an effective method, according to its efficiency, 
capacity, and applicability on a large scale to remove dyes, as 
well as its potential for regeneration, recovery, and recycling 
of adsorbents.  

The adsorption of dyes as an effective process to dye 
removal has been applied by several researches. There are a 
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lot of interests in finding the best mixture of input parameters 
(contact time, pH, adsorbent dose, and initial dye 
concentration) to achieve the best performance of dye 
removal. In this paper, Soft Computation (SC) methods are 
used to solve this problem. 

Soft Computation (SC) is a coalition of methods, which is 
tolerant of imprecision, uncertainty and partial truth. 
Artificial Neural Network (ANN), Genetic Algorithm (GA), 
and Fuzzy Logic (FL) are the main parts of SC. These 
methodologies can be used altogether to create powerful 
hybrid intelligent systems. Basically in SC, better results can 
be obtained by employing the ingredients of SC in 
combination rather than in a stand-alone mode . Hybrid GA 
and ANN methods use GA, the technique related to 
optimization, and neural network the technique related to 
learning and approximation. In literature, there are a number 
of articles about the combination of genetic algorithms and 
artificial neural networks  . 

Artificial Neural Network is a mathematical model that 
can learn by itself and then generalize the things learned. It 
makes a mapping function from inputs to outputs, giving 
information about practical phenomena, which is modeled by 
a graph with nodes and arcs to form the computational ANN. 
This graph along with a computational algorithm used to 
specify the learning capabilities of the system, make the 
ANN a powerful methodology . Thanks to the non-linearity 
properties of the ANNs, they are suitable to describe complex 
nonlinear phenomena that linear modeling techniques fail to 
prepare an accurate model. Basically, all processes that have 
an adequate number of measured data can be modeled by 
ANN. This approach dramatically benefits the industries 
which often have to solve their problems without full 
comprehension of the scientific background. ANNs have 
been the focus of great attention due to its capacity in solving 
non-linear problems . 

Genetic Algorithm is a part of evolutionary computing, 
which is a rapidly growing area of artificial intelligence. 
According to Darwin (1809-1882) evolution theory, GA is a 
stochastic global search method which is based on the natural 
biological evolution. It is an optimization method which 
simulates the process of biological evolution on computers . 
According to an objective function, there is a fitness function 
associated to each chromosome. The goal of GA procedure is 
to optimize the fitness function. GA performs its search 
process through a population to population (instead of point 
to point) search. The most popular advantage of the GA is in 
its parallel architecture which uses probabilistic and 
deterministic rules. Another advantage is that the objective 
function gradient does not need to be calculated, which 
relaxes the computational effort. 

In this paper, the process of dye removal is estimated by an 
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ANN. An objective function is defined in accordance with 
performance of the process and trained ANN is used to 
calculate this function for each input combination. Then, the 
mixture of input components is optimized by utilizing GA to 
achieve desired dye removal.  

In the next section, the process of dye removal is 
introduced. Estimation of the process by ANN is described in 
section III. Section IV is devoted to GA based optimization of 
input elements in dye removal process. The results and 
possible future works are discussed in Section V.  

 

II. REACTIVE BLUE DYE REMOVAL PROCESS 
Wastewater from textile dyeing and finishing factories is a 

significant source of environmental pollution. Hence, the 
removal of contaminants from industrial wastewaters is 
achieving great attention in recent studies. Reactive dyes are 
considerably used in textile industry because of their ease and 
cost effectiveness in synthesis, firmness and variety in color 
and due to the ability of their reactive groups to bind to textile 
fibers. It has been estimated that more than 10% of this dye 
does not bind to the fibers and is therefore released into the 
environment. Textile wastewater is characterized by high 
chemical oxygen demand (COD), low biodegradability, 
high-salt content and is the source of aesthetic pollution 
related to color . 

According to the strong color of discharged dyes, even 
minor release into the environment may cause the appearance 
of color, which attracts the critical attention of public and 
local authorities . On the other hand, frequent changes of the 
dyestuff used in dyeing processes causes considerable 
variations in the wastewater characteristics, particularly 
color, pH, and chemical oxygen demand (COD). Moreover, 
the presence of coloring material in water system also 
reduces the penetration of light, thereby affecting 
photosynthesis in aquatic planktons. The contaminants in 
water can cause severe damage to the reproductive system, 
liver, and brain and dysfunction of kidneys. As the result, 
removal of dyes from wastewater is essential for the 
protection of health and the environment.  

TABLE I: STATISTICAL INDEXES OF INPUTS AND OUTPUTS DATA 
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The Synthetic wastewater used in this study had been 
prepared by dissolving reactive blue. Percentage of dye 
removal was calculated by the following equation where, ܥ  
and ܥ௧ are dye concentrations in raw and treated solutions, 
respectively. 

Dye Removal 100
C Cr t

C r

−
= ×                 (1) 

Adsorption rate depends on contact time, pH, adsorbent 
dose and initial dye concentration. Experiments show that 
adsorption rate initially increased rapidly with the increase in 
contact time and ultimately became approximately constant.  
Rapid adsorption at the initial contact time is due to the 
availability of the positively charged surface of adsorbent, 
which lead to fast electrostatic adsorption of anionic dye from 
the solution , and later slow rate of dye adsorption is most 
likely due to electrostatic repulsion between the adsorbed 
negatively charged adsorbate species onto the surface of 
adsorbent and the available anionic adsorbate species in 
solution. All experiments were carried out at the room 
temperature. (20-22 ˚C) 

The effect of acidic and basic environment was studied by 
adjusting the solution pH between 2 to 12.  The best efficient 
removal efficiency was observed in the acidic pH range.  Dye 
removal efficiency also increased with the increase in the 
adsorbent dose which itself was due to the increase in the 
adsorption surface area and greater number of active sites 
available for adsorption. Initial dye concentration is one of 
the primary factors related to adsorption efficiency. Removal 
efficiency increased with the increase of initial dye 
concentration and then decreased. This may be a result of 
saturation of surface area and active sites of adsorbent. 

 

III. DYE REMOVAL PROCESS ESTIMATION WITH NEURAL 
NETWORKS 

Each ANN is made of some neuron sets. A neuron adds up 
the weighted input, associated with a bias, and passes the 
results through a nonlinear transfer function. Feed forward 
has become standard for some years to train ANNs by a 
method called Back Propagation (BP) in industrial 
applications. The objective of BP algorithm is to minimize a 
predetermined error function . The BP algorithm uses a chain 
rule in order to compute the derivatives of the error function 
with respect to the weights and biases in the hidden layers. In 
order to minimize error function, different optimization 
methods such as Conjugate Gradient (CG) and 
Levenberg-Marquardt (LM) have been used. In this research, 
LM method is used to optimize weights and biases of the 
networks toward error function minimization. 

The most popular approach to ANN learning is feed 
forward method, which normally includes the following 
steps: 

1. Collecting data and determination of input/output 
variables. 

2. Pre-processing of the data and dividing them into the 
training and testing data.  

3. Training the network with the associated data whereby 
the target output at each output neuron is compared with the 
actual network output, and the difference or error is 
minimized by adjusting the weights and biases through some 
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training algorithms.  
Eventually the trained network must be tested and verified 

using the test data, which is not included in the training data.  
Construction of a data set is the first and the most essential 

step to develop an ANN model. The performance of an ANN 
model depends on the collected database. Various 
combinations of input elements were examined and dye 
removal percentage was calculated through (1). The pH 
quantity was varied between 2 to 12. Contact time was 
between 0 to 120 minutes. Various amounts of adsorbent 
ranging from 0.5 to 12 g/L were studied. Experiments were 
performed with variable initial dye concentrations of 75, 100, 
150, 200, and 250 mg/L. 123 data sets were collected through 
experiment. 106 data sets of collected data were used in 
training process and the others were used for testing the 
ANN. Statistical indexes of inputs and outputs data of ANN 
are presented in table.1.  

Number of hidden layers and number of neurons in each 
layer are major parameters of an ANN. 

Appropriate selection of these parameters results in faster 
and more accurate learning process. Number of neurons and 
layers should select in a way to be enough for learning of all 
data. On the other hand, by using an extra number of these 
neurons and layers, the learning process will be slow and time 
consuming ,hence the ANN will not show a better respond to 
the test data.   

An ANN with two hidden layers was used in this paper. 
Before learning process, the input and output parameters 
were preprocessed by normalizing to [-1 1]. To select the best 
ANN, number of neurons in each layer was changed between 
7 and 13 and each ANN was trained by 50 epochs. Final 
Mean Square Error (MSE) of each ANN is represented in 
Fig.1. 

Minimum MSE belongs to the ANN with 12 neurons in the 
first layer and 12 neurons in the second layer. Training 
performance of the learning process is represented in Fig.2. 
Final mean squared error of training data is 6.37 ൈ 10ିହ.  

After training process, test data was applied to ANN, and 
network’s output was compared with the actual data obtained 
from experimental. Absolute mean error of test data was 
1.56, which means that the ANN can predict the percentage 
of dye removal of determined combination of inputs within 
an average of 1.56 percent error.  

 

 
Fig.1. Final Mean Square Error of ANNs for different number of neurons in 

each layer 

 
Fig.2. Training performance of proposed neural network 

 

IV. OPTIMIZATION OF DYE REMOVAL BY GENETIC 
ALGORITHM 

Large factories try to get rid of refinement processes for  
the considerable costs of purification needed for the large 
amount of produced wastewater. Therefore, improving the 
efficiency of this process will economize the costs. In this 
section, we try to find the best input combination that results 
the maximum dye removal which clearly results in the best 
quality of water that get back to the environment, and will 
reduce the cost of the process.  

 

TABLE II: OPTIMIZED INPUT COMBINATION USING GA  

 Optimized input generated by 
genetic algorithm   
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140 6.05 7.25 25.89 94.82 

150 5.81 7.36 30.68 94.86 

160 5.71 7.77 29.56 94.95 

170 6.20 7.63 21.51 94.75 

180 5.94 7.48 36.87 93.67 

average 5.83 7.52 29.68 94.67 

 
Wastewater treatment process is a nonlinear system and 

traditional optimizing methods are unable to compute the 
best input combination. In this paper, Genetic Algorithm 
(GA) is used to solve the problem. GA is derived from the 
principles of natural genetics and the theory of evolution. 
Holland (1975) showed that a computer simulation of this 
process could be employed in solving optimization problems. 

Each traditional genetic algorithm includes chromosome 
reproduction, chromosome crossover, gene mutation, 
chromosome fitness, and natural selection. It encodes each 
possible solution as a vector which is called a chromosome. 
Each element of the vector called gene, and all the 
chromosomes are composed of the species.  

Reproduction operator reproduces chromosomes for the 
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next generation according to their fitness value. Fitness is a 
single objective function of the parameters that returns a 
numerical value and is a measurement method to distinguish 
good and bad solutions.  

Crossover operator exchanges a pair of strings from the 
current generation to generate offspring chromosomes for the 
next generation. This operator is based on sexual 
combination and reproduction in biological evolution theory. 
Mutation operator randomly selects some of the 
chromosomes and changes their values according to the 
probability of mutation. Natural selection excludes 
individuals with low fitness, and retains the high-fitness ones. 
As the members of the new group inherit the excellent 
performance, their performance is better than the previous 
generation. This process continuous till it meets desired 
optimization level.  

Using genetic evolution, the fittest chromosome is selected 
to ensure the best offspring. The best parent genes are 
selected, mixed and recombined for the production of the 
offspring in the next generation. 

GA starts its search with a population of randomly 
generated design candidates referred to the first generation. If 
the first generation has a large enough number of 
chromosomes, GA will not fall into the local optimums.  

The Artificial Neural Network trained in section III can be 
used to compute percentage of dye removal resulted from any 
input combination. This amount is implemented to fitness 
function in a way that increasing in dye removal percentage 
results in better fitness, so the chromosomes with better dye 
removal percentage will reproduced.   

 
Fig.3. changes of input parameters in each generation for initial dye 

concentration of 160 mg/L 

The appropriate fitness function for GA needs to be 
defined. According to the difficulty of changes in pH, the 
optimized solution should have a pH near 7. Moreover, the 
amount of wastewater is large and the speed of the process is 
another important matter which should be considered. 
Decreasing time contact can also help to impure more 
amounts of wastewater. On the other hand, the amount of 
adsorbent should not be large. Considering these limitations, 
the objective function for optimization of input combination 
can be defined as follows: 

[ ]( ) min ( 1) 4 2( 1) 7( )f x a pH t dremov= + + + + −  (2) 

where ܽ is the amount of adsorbent, t is the contact time, and ݀ݒ݉݁ݎ is the dye removal percentage. These data are 
normalized to [-1,1] and the coefficients are chosen based on 
the cost of the element. In fact, pH has the most important 
cost between input elements. 

Genetic algorithm was implemented to find the best inputs 
for each initial dye concentration of wastewater. The 
algorithm was implemented in MATLAB 7.9 on a LENOVO 
N200 Laptop with 1.6 GHz dual core CPU and 2 GB RAM..  
For each initial dye concentration, GA runs takes 50 seconds. 
The computed input combinations are shown in table.1. 
Minimum and maximum amount of input elements are as 
stated in section III. In this simulation, the crossover 
probability was set on 0.8, mutation probability was set on 
0.2, and size of the population was set on 20. Fig.3 shows the 
changes of input parameters in each generation of GA for 
initial dye concentration of 160 mg/L. 

Results show that 94 percent of dye removes in average in 
30 minutes with 5.8 g/L of adsorbent and 7.5 as pH. 
According to low pH changes, this combination has a low 
cost compared to other ones. On the other hand, the adsorbent 
dose and speed of the process are kept in a good level which 
makes this combination the best among other ones. 

 

V. CONCLUSION 
In this paper, we try to optimize the amount of input 

elements to make the dye removal process more efficient. 
According to the nonlinear behavior of the system, soft 
computational methods were used. A number of ANNs were 
trained with an experimental data set to approximate relation 
of input and output parameters, and the ANN with lowest 
mean square error was chosen. Genetic algorithm approach 
was used to optimize the object function which was defined 
based on the cost of input elements and dye removal 
percentage. The aim was to minimize the amount of 
adsorbent, pH, and contact time to reach the best percentage 
of dye removal for determined initial dye concentration. The 
results show that 94 percent in dye removal was reached with 
minimum amounts of input elements.  
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