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Abstract 

Reverse Osmosis (RO) can be considered as one of the most widely used technologies used to 

abate the existence of highly toxic compounds from wastewater. In this paper, a multilayer 

artificial neural network (MLANN) with Genetic Algorithm (GA) have been considered to build 

a comprehensive mathematical model, which can be used to predict the performance of an 

individual RO process in term of chlorophenol removal from wastewater.  

The MLANN model has been validated against 70 observational experimental datasets collected 

from the open literature. The MLANN model predictions have outperformed the predictions of 

several structures developed for the same chlorophenol removal using RO process based on 

performance in terms of coefficient of correlation, coefficient determination (R2) and average error 

(AVE). In this respect, two structures (4-2-2-1) and (4-8-8-1) were also used to study the effect of 

a number of neurons in the hidden layers based on the difference between the measured and ANN 

predicted values. The model responses clearly confirm the successfulness of estimating the 

chlorophenol rejection for network structure 4-8-8-1 based on a wide range of the control variables.  

This also represents a high consistency between the ANN model predictions and the experimental 

data.  

mailto:I.M.Mujtaba@bradford.ac.uk
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1. Introduction 

Phenolic compounds and especially the highly toxic chlorophenol are one of the common micro-

pollutants that can be found in effluents of a wide range of chemical industries. Specifically, they 

can be existed in the effluents of petrochemical, refineries and pharmaceutical industries. Thus, 

there is no doubt of their specific passive impacts on the whole environment and especially to 

human health even at very low concentrations [1]. Therefore, several agencies have intensively 

restricted the discharge of wastewater containing phenol without a proper treatment. For instance, 

0.5 ppm is the legislated concentration of phenol in surface water based on the Japan 

Environmental Governing Standards [2]. More importantly, the recycle of wastewater as reuse 

water might be prohibited due to the existence of phenolic compounds. Several treatment methods 

were therefore developed to abate the phenolic compounds in many industrial applications. For 

example, oxidation, adsorption, distillation, extraction and membrane processes are the most well-

known technologies used to remove phenolic compounds from wastewater [3]. The membrane 

technology and especially the RO process has been extensively used to treat a wide range of 

organic pollutants and specifically phenolic compounds with a significant success [4].  

Several experimental studies were carried out to remove phenol, chlorophenol, and 

dimethylphenol from synthetic industrial wastewater that confirmed the feasibility of a pilot scale 

RO process [5-8]. In addition, these studies also developed simple lumped parameter and one 

dimensional models to describe the interaction between the inlet and outlet parameters especially 
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for the spiral wound RO process and for the removal of different phenolic compounds. These 

studies also assisted to develop more accurate one and two-dimensional steady state and dynamic 

mathematical models [9-11]. Also, these detailed models were used to investigate the process 

performance and optimise the removal of phenolic compounds from wastewater. However, these 

models were built based on several assumptions that caused a noticeable deviation between 

theoretical prediction and experimental data. For example, the spiral wound membrane has been 

assumed to be unwound and flat, which made its configuration same as the plate and frame module. 

Moreover, ignoring the influence of the feed spacer on the fluid patterns inside the feed channel 

also affects the models predictions. Abbas and Al-Bastaki [] noted the complexity of obtaining 

rigorous mechanistic models of RO process due to insufficient knowledge of the difficult 

interaction between its operating parameters and concentration polarisation and fouling, which are 

barely measured. Therefore, artificial neural network (ANN) has been widely used to model the 

complex processes due to its high precision compared to other stochastic mathematical methods 

[12,13]. ANNs approach has been considered as one of the best stochastic methods to infer results 

and configure new functional relationships between the data [14]. Furthermore, artificial 

intelligence has been found to be an efficient tool to carry out the design, operation, control, and 

performance optimisation of any industrial process [15,16]. ANN has many advantageous 

compared to other stochastic methods and the associated network modelling does not require any 

governing correlations or relative assumptions to describe the process phenomena [17]. Also, the 

fundamental characteristic of nonlinearity of neural network enables to forecast the behavior of 

several complicated processes including RO process.  
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The following discussed several recent studies that used ANN to generate accurate models in order 

to predict the performance of RO process based on seawater desalination and wastewater 

treatment.  

Salgado-Reyna et al. [12] investigated a four-layer feed-forward network with a back-propagation 

algorithm, which used to analyse the observational data of permeate flow rate of a pilot-plant RO 

membrane-based can-manufacturing wastewater treatment plant under continuous flow and 

various operating conditions. The developed a feed-forward ANN model comprised of two hidden 

layers with 4, and 3 neurons, respectively. This in turn showed a very good agreement between 

the model prediction and obtainable data.  

Barello et al. [18] developed a time dependent neural network (NN) based correlation to forecast 

the water permeability constant (Kw) in seawater RO desalination process under fouling 

conditions. A very close prediction of Kw was achieved for the NN based correlation compared to 

those existed correlations. Moreover, the influence of numbers of hidden layers and neurons in 

each layer and the transfer functions was also explored.  

The development of an intelligent network model for different types of RO membranes under a 

considerable range of operating conditions was successfully achieved by Salami et al. [ ]. It is 

noted that the model prediction is significantly affected by the number of considered hidden layers 

and neurons besides the sufficient of experimental data. Interestingly, the study showed the 

reliability of ANN model where a good agreement with the experimental data of correlation 

coefficient (R) of 0.97 was noticed.  

More recently, Roehl Jr et al. [19] developed ANN models from a six-year experimental data to 

investigate the main reasons of membrane fouling in the introductory stage of a large scale of 3 

stages municipal RO process plant. This in turn elucidated the efficiency of ANN to explore the 
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most important parameters that boost the fouling propensity and therefore helped to quantify the 

way of process improvement.  

It is evident from the above statements that all the published research of ANN for the RO process 

modelling have been carried out based on seawater desalination and there is a clear limitation of 

ANN used in the wastewater treatment. More specifically, no attempt to investigate the feasibility 

of ANN to establish network modelling for the removal of chlorophenol from wastewater using 

an individual spiral wound RO process can be found in the open literature. Moreover, there remains 

the challenge of having a reliable model of high accuracy to estimate the RO process performance 

for the abatement of a hazardous chlorophenol compound.  

This research emphasises on this particular challenge and attempts to investigate the feasibility of 

the multilayered artificial neural network (MLANN) model with Genetic Algorithm (GA) 

approach to estimate the performance of RO process for the removal of chlorophenol from 

wastewater. Experimental data from the literature is used for this purpose. The predictions of the 

MLANN model are also compared with the predictions of deterministic models developed for the 

chlorophenol removal.  

 

2. Experimental work, plant description and modelling contribution 

A laboratory pilot scale cross flow RO treatment system was used by Sundaramoorthy et al. [8] to 

remove chlorophenol at different concentrations from wastewater. The RO process consists of a 

commercial thin film composite polyamide membrane of effective area 7.845 m² stuffed inside a 

spiral wound membrane module. The detailed specification of the module is given in Table 1.  

 

Table 1. Membrane specification and dimensions (Adapted from Sundaramoorthy et al., 2011) 
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Fig. 1 presents the schematic diagram of the RO process showing a feed tank full of wastewater 

that is pumped to the RO module using a high pressure pump delivering pressure up to 20 atm. 

The chlorophenol solutions were prepared at different concentrations varying between 778 to 6226 

kmol/m³. Moreover, the other operating parameters of flow rate, and pressure were varied between 

2.166x10-4 to 2.583x10-4 m³/s, and 5.83 to 13.58 atm for each specific feed flow rate. The treatment 

was carried out between 29.5 ⁰C to 32.5 ⁰C of operating temperature. Intensive sets of experimental 

data that carried out by Sundaramoorthy et al. [8] as given in Table 2. The data include the inlet 

flow rate (𝐹𝑏), inlet pressure (Pb), inlet temperature (Tb), inlet concentration (Cb) and overall 

chlorophenol rejection (Rej). Specifically, 70 sets of data was used in this study. 

Modelling of any industrial process including the RO process can be used as an effective tool to 

predict the process performance against the variation of operating parameters. More importantly, 

there was a progressive motivation to develop deterministic (mass, momentum and energy 

balances) mathematical models that can extensively investigate the RO process performance based 

on the removal of organic compounds from wastewater. The complexity of these models depends 

Property Value 

Maker and configuration Ion Exchange, India Ltd., TFC Polyamide, spiral wound 

Feed (tf) and permeate (tp) channel thickness  0.8 (mm) and 0.5 (mm) 

Membrane length (L) and width (W) 93.4 (cm) and 840 (cm) 

Membrane volume 6.2764x10-3 m³ 

Effective membrane area (A) 7.845 m² 

Module diameter 8.25 (cm) 

Maximum feed temperature (°C)  40 

Maximum feed pressure (atm) 24.771 

Maximum pressure drop per element (atm) 1.381 

Maximum and minimum feed flow rate (m³/s) 1x10-4 – 1x10-3 

Permeate pressure (atm) 1 
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on the underlying assumptions together with the existence of nonlinear mass and energy balances 

and thermodynamic correlations. No doubt, the development of a high-accuracy model that can 

properly predict the influence of the process input parameters on the output responses can help to 

optimise the process in order to attain the highest removal of pollutants at the lowest penalties. 

Moreover, the modelling study has a primitive advantage of carrying out intensive experiments 

that need a long operation time in addition to its flexibility to test different parameters easily, 

inexpensive, and early stage design. Therefore, this study aims to develop an accurate model to 

predict the performance of RO process to remove chlorophenol from wastewater without the need 

of further experiments.     

 

 

 

Fig. 1. Schematic diagram of RO process (Adapted from Srinivasan et al. [7]) 
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Table 2. Experimental data collection (Srinivasan et al. [7]) 

Exp.  

No. 

Pb  

(atm) 

Tb  

(°C) 

Cb  

(kmol/m³) 

Fb 

(m3/s x10-4) 

Rej  

(%) 

Exp.  

No. 

Pb  

(atm) 

Tb  

(°C) 

Cb  

(kmol/m³) 

Fb  

(m3/s x10-4) 

Rej  

(%) 

1 5.83 30 778 2.166 56.7 36 5.83 31 2335 2.33 68.7 

2 7.77 30 778 2.166 59.3 37 7.77 31 2335 2.33 70 

3 9.71 30 778 2.166 61.4 38 9.71 31 2335 2.33 71.4 

4 11.64 30 778 2.166 63.8 39 11.64 31 2335 2.33 72.9 

5 13.58 30 778 2.166 66.2 40 13.58 31 2335 2.33 74.4 

6 5.83 32 1556 2.166 61.9 41 5.83 31 6226 2.33 74.5 

7 7.77 32 1556 2.166 63.9 42 7.77 31 6226 2.33 76.6 

8 9.71 32 1556 2.166 65.9 43 9.71 31 6226 2.33 79.8 

9 11.64 32 1556 2.166 67.9 44 11.64 31 6226 2.33 81.2 

10 13.58 32 1556 2.166 70 45 13.58 31 6226 2.33 82.2 

11 5.83 32 2335 2.166 65.6 46 5.83 29.5 778 2.58 57.8 

12 7.77 32 2335 2.166 66.8 47 7.77 29.5 778 2.58 60.6 

13 9.71 32 2335 2.166 68.4 48 9.71 29.5 778 2.58 62.8 

14 11.64 32 2335 2.166 69.6 49 11.64 29.5 778 2.58 64.3 

15 13.58 32 2335 2.166 71.1 50 13.58 29.5 778 2.58 66.3 

16 5.83 32 3891 2.166 70.7 51 5.83 31 1556 2.58 65.2 

17 7.77 32 3891 2.166 72.3 52 7.77 31 1556 2.58 67.5 

18 9.71 32 3891 2.166 71.7 53 9.71 31 1556 2.58 69.7 

19 11.64 32 3891 2.166 74.8 54 11.64 31 1556 2.58 71.2 

20 13.58 32 3891 2.166 76.4 55 13.58 31 1556 2.58 72.5 

21 5.83 31 6226 2.166 75.5 56 5.83 31 2335 2.58 69.9 

22 7.77 31 6226 2.166 76.7 57 7.77 31 2335 2.58 71.7 

23 9.71 31 6226 2.166 79.8 58 9.71 31 2335 2.58 72.8 

24 11.64 31 6226 2.166 81 59 11.64 31 2335 2.58 74.2 

25 13.58 31 6226 2.166 81.9 60 13.58 31 2335 2.58 75.7 

26 5.83 30 778 2.33 56.2 61 5.83 32 3891 2.58 71.7 

27 7.77 30 778 2.33 58.1 62 7.77 32 3891 2.58 72.8 

28 9.71 30 778 2.33 60.3 63 9.71 32 3891 2.58 75.0 

29 11.64 30 778 2.33 62.4 64 11.64 32 3891 2.58 76.1 

30 13.58 30 778 2.33 64.5 65 13.58 32 3891 2.58 77.4 

31 5.83 32 1556 2.33 62.9 66 5.83 31 6226 2.58 72.6 

32 7.77 32 1556 2.33 64.6 67 7.77 31 6226 2.58 77.8 

33 9.71 32 1556 2.33 66.4 68 9.71 31 6226 2.58 79.4 

34 11.64 32 1556 2.33 68.6 69 11.64 31 6226 2.58 81.5 

35 13.58 32 1556 2.33 70.4 70 13.58 31 6226 2.58 83.0 
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3. Concepts of ANN   

ANN is a computational technique to map input and output data from a process via nonlinear 

regression model developed for the best neural network architecture. ANN technique has the 

ability to analyse the relationships between the inputs and outputs based on the structure and 

functions of biological neural networks. The simple architecture of ANN consists of three layers 

named input, hidden and output layers as depicted in Fig. 2. The input signal received from external 

source (bias, b) are multiplied by weights (W) [20,21]. If the results of multiplying (a) exceeds the 

threshold, the signal will be released and send to the output depending on ANN activation function 

[22]. In this respect, three stages (training, testing and validating) with several computational 

operations are applied to achieve the desired goal through ANN.   

 

 

Fig. 2. Simple Artificial Neural Network 

 

In each stage of ANN, the main computational operations are described below.  

The equations of output signal of any hidden layer and output layer are defined in the counter of 

Eqs. 1 and 2, respectively [23]. 

𝑎1 = ∑  (𝑊𝑖 𝑋𝐼 + 𝑏1)𝑖=𝑛
𝑖=1                                                                                                                (1) 
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𝑎2 = ∑  (𝑊𝑗 𝑎𝐼 + 𝑏2)
𝑗=𝑘
𝑗=1                                                                                                               (2) 

𝑎1, 𝑎2 are the output signal of first and second hidden layers, respectively. X is the input parameter. 

W and b represent the weight and bias, respectively.   

The activation function is used to normalise the data between [0  1] or [-1   1], which is discrete or 

continuous in sigmoid, respectively 

𝑓(𝑠) =
1

1+𝑒−𝑠
                                                                                                                                  (3) 

Or in a hyperbolic tangent as 

𝑓(𝑠) = (𝑒𝑠 − 𝑒−𝑠) (𝑒𝑠 + 𝑒−𝑠)⁄                                                                                                     (4) 

s is the value of input parameter. The network may be linear or nonlinear during to an activation 

function [23] 

 

𝑓 =                                                                                                                                                (5) 

The normalisation equation represented according to Ref. [24] 

𝑠𝑖 =
0.8

𝑑𝑚𝑎𝑥 − 𝑑𝑚𝑖𝑛
 (𝑑𝑖 − 𝑑𝑚𝑖𝑛) + 0.1                                                                                              (6) 

dmin,  dmax, and  di  are the minimum, maximum, and i values of the input/output data, respectively. 

The predicted or target equation is represented as  

𝑌 = ∑  𝑓2 (𝑊𝑗  𝑓1(∑ 𝑊𝑖 𝑋𝑖
𝑖=𝑛
𝑖=1 ))

𝑗=𝑘
𝑗=1                                                                                                 (7) 

Y is the prediction output value. The weight matrices are calculated by applying an error back-

propagation method. The accuracy of weights depends on the minimum error (E) of the output 

{z(k); 1≤ k ≤ K} in training stage and calculated using the sum of the square error based on Ref. 

[25] 

𝐸 = ∑  [𝑒(𝑘)]2 = ∑  [𝑑(𝑘) − 𝑧(𝑘)]2 = ∑  [𝑑(𝑘) − 𝑓(𝑊 𝑥(𝑘))]2𝐾
𝑘=1

𝐾
𝑘=1

𝐾
𝑘=1                               (8) 

 1        if  s > 0 

-1      otherwise 
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 W x
 is the weight matrix,  x  is the input vectors and d is the desired target value.  

                           

4. Design and characteristics of proposed ANN   

The development of the present neural network model is based on the genetic and back propagation 

algorithms used to improve the generalisation performance of a neural network and to generate a 

network modelling to forecast the performance indicators of chlorophenol rejection via the RO 

process. As mentioned earlier, this study utilises the actual observational data of chlorophenol 

removal from wastewater carried out by Sundaramoorthy et al. [8]. A multilayer with two 

structures was used in the proposed ANN model. The steps, design and characteristics of the 

proposed ANN model in Alyuda simulation 

(https://www.alyuda.com/products/neurointelligence/features.htm) can be summarised as follows. 

1. In analysing and partitioning step, the input data are partitioned randomly into training, 

validation and test set (48 records for training set of 68.57 %, 11 records for validation of 

15.71 %, and 11 records for test sets of 15.71 %).   

2. In preprocessing step, the data are scaled into rang [-1   1]. 

3. GA was used as an input feature selection method to improve the generalisation 

performance of the neural network. This is basically carried out by identifying the input 

data that are not contribute significantly to the performance of neural network, which in 

turn demonstrates the objective function of GA. The genetic method is time consuming to 

select the best configuration despite its superiority of determining mutually-required 

inputs. This might signifies the drawback of ANN. However, it is efficient to select the 

proper network by identifying the input data that significantly contribute the performance 

of ANN. The procedure of this method is summarised in five steps as follows;  
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a. Build a random population of input configurations.  

b. Ignore input configurations that are not contributing significantly to the performance 

of neural network.  

c. Select the superior configurations and use them to generate a new population. 

d. Produce better input configuration using superior configurations. 

e. Select the best configuration.  

 

4. GA parameters are (smoothing = 0.01, unit penalty = 0.001, population size = 50, 

generation = 50, crossover rate = 0.9, and mutation rate = 0.1). 

5. In design step, the number of hidden layer, activation function and error function are 

selected as multilayer, hyperbolic tangent, and sum of squares, respectively.   

6. The number of neurons in hidden layers was selected according to the number of inputs in 

the proposed equation of Sanjay et al. [24]  

j = n/2 and 2*n                                                                                                                  (9) 

n and j are the number of inputs and neurons, respectively. Therefore two structures are 

build (4-2-2-1) and (4-8-8-1) as shown in Fig. 3. 

7. In training algorithm step, the training parameters such as (Quick back-propagation was 

used to calculate the weights matrices), iterations = 500 and randomisation range (W) = 

±3. 
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Fig. 3. Structures of the proposed ANN 

 

 

5. Results and discussion  

Seventy data points of Sundaramoorthy et al. [8] (Table 2) were used in this ANN model with two 

structures (4-2-2-1) and (4-8-8-1) to predict the chlorophenol removal from wastewater and to 

study the effect of a number of neurons in the hidden layers on the matching between the measured 

and ANN predicted values. The datasets included several input parameters of the inlet flow rate 

(𝐹𝑏), inlet pressure (Pb), inlet temperature (Tb), and inlet concentration (Cb) and response parameter 

of chlorophenol rejection (Rej). The input data are partitioned randomly into training, validation 

and test set (48 records for training set, 11 records for validation set, and 11 for  test set) of 68.57% 

, 15.71% , and 15.71% for training , validation, and test set, respectively.  Figs. 4 and 5 represent 

the plot of absolute errors against the number of iteration for structures of (4-2-2-1) and (4-8-8-1), 

respectively. A sharp drop with the progress of iteration can be noticed in these figures. 

Specifically, Fig. 4 depicts that the training of structure (4-2-2-1) stopped after 35 iterations with 

an absolute error of 0.91 and 1.11 of training and validation sets, respectively. However, the 
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training of structure (4-8-8-1) stopped after 13 iterations with an absolute error of 0.96 and 0.81 

for training and validation sets, respectively, as can be seen in Fig. 5.  

Generally, the fast training and validation with few iterations depends on the good characteristics 

of input feature selection of GA method.  The GA method works on identifying the input data that 

have insignificant contribution to improve the generalisation process in training stage.  Therefore, 

the GA method has the superiority of determining mutually-required inputs with less relative error 

and minimum iterations number but consumes time to select the best configuration. On the other 

hand, the improvement of an absolute error in structure (4-8-8-1) in validation stage can be 

attributed to the effect of numbers of neurons in the hidden layers. It is important to mention that 

the assessment of ANN performance is not specifically dependent on validation set. However, the 

combination of training and validation sets would provide a helpful tool to measure the 

performance of ANN structure. Up to this point, the validation set would reflect the unseen data 

that should not be used for model structure determination. In this regards, the testing stage has a 

primitive impact on determining the performance of structure.  

 

 

Fig. 4. Absolute error as a function of iteration in structure 4-2-2-1 
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Fig. 5. Absolute error as a function of iteration in structure 4-8-8-1 

  

Fig. 6 presents a scatter plot of the network outputs versus the targets (experimental data) of two 

structures 4-2-2-1 and 4-8-8-1 in testing stage. All points are close to the line, which means that 

the network has learnt the input–output mappings with a good degree of accuracy. However, the 

scatter plot of structure 4-8-8-1 is closer to the experimental data compared to (4-2-2-1). The 

comparison between the performance of the two structures 4-2-2-1 and 4-8-8-1 in four stages in 

terms of three performance indicators of the coefficient of correlation, coefficient determination 

(R2), and average error (AE) as shown in Table 3. This in turn show that the minimum average 

error is recorded in training stage of structure 4-8-8-1 of 0.042 with R2 = 0.999 and in testing stage 

of structure 4-8-8-1 of 0.67 with R2 = 0.989. Therefore, it can be said that 4-8-8-1 structure is 

nominated as the best model for predicting the chlorophenol rejection with the best value of R2, 

coefficient of correlation, and average error during the performance of four stages.  To test the 

sensitivity of the ANN for extrapolation accuracy under the effect of a large numbers of neurons 

in the hidden layers, a third structure 4-15-15-1 has been considered as notified in Table 3. This in 
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turn showed the inconsistency of 4-15-15-1 structure where it yields unreasonable results of the 

performance indicators compared to the one of 4-8-8-1 structure.    

 

Fig. 6. Scatter plot of 4-2-2-1 and 4-8-8-1 ANN structures in testing stage 
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Table 3. Performance of ANN structures 

Structure 
Performance 

Indicators 

Training 

stage 

Validation 

stage 

Testing 

stage 
All stages 

4-2-2-1 

R2 0.996 0.968 0.955 0.989 

Coefficient of correlation 0.998 0.991 0.978 0.994 

Average error 0.3077 0.830 0.737 0.457 

4-8-8-1 

R2 0.999 0.946 0.989 0.990 

Coefficient of correlation 0.999 0.975 0.995 0.996 

Average error 0.042 1.047 0.670 0.299 

4-15-15-1 

R2 0.999 0.950 0.990 0.989 

Coefficient of correlation 0.997 0.979 0.997 0.994 

Average error 0.051 1.038 0.692 0.311 

 

The predicted values of chlorophenol rejection that appear in the training set and all stages of the 

artificial neural network for the 4-2-2-1 and 4-8-8-1 structures and the experimental data (target) 

are generated in Figs. 7 and 8, respectively. The patterns of the ANN structures show a high 

consistency where the produced lines are similar to those of experimental data. However, an 

accurate examination can be noticed for the plot of 4-8-8-1 structure and the experimental values 

for chlorophenol rejection. Furthermore, a significant difference in the sum square of error values 

between 4-2-2-1 and 4-8-8-1 structures can confirm the accurate revealed examination of 4-8-8-1 

structure. 
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Fig. 7. Experimental and predicted of 4-2-2-1 ANN structure for training and all stages 
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Fig. 8. Experimental and predicted of 4-8-8-1 ANN structure for Training and All stages   
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Up to this point, this study has demonstrated the advantages of integrating the computer models 

and especially artificial intelligence combined with GA in the RO process based water treatment. 

This is specifically aiding to; 

• develop of high accuracy models that can be used to predict performance of complex and 

non-linear systems, 

• consider a massive set of real-time data to be analysed which is not possible for other 

computer programs which is in turn would help the skilled operators to take accurate 

decision at any given time, 

• explicitly promote the design of water treatment systems such RO process at the hope of 

making strong, safe, and cost effective processes,   

 

6. Conclusions  

The ANN can be considered as an efficient and alternative method of modelling techniques of 

industrial processes including RO process especially in cases where mechanistic models are 

difficult to develop due to unknown underlying physics or uncertainty in parameters. This paper 

is significant and unique in that it has developed the first comprehensive neural network model 

using the multilayer artificial intelligence combined with GA to predict the chlorophenol removal 

from wastewater using a pilot-scale RO process. In this respect, the verification of the ANN model 

was carried out based on actual experimental data for the chlorophenol removal from wastewater. 

The ANN model showed a high corroboration between the simulated chlorophenol rejection and 

the experimental data.  

The results indicate that the accuracy of the artificial network structure 4-8-8-1 was satisfactory 

and coincided with the experimental data. This also showed that the prediction accuracy is 
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dependent on the number of neurons in the hidden layers. The ANN model presented in this 

research can be used in the future to maximise chlorophenol removal and minimise energy 

consumption while optimising operating variables.  

 

Nomenclature 

A : Membrane area (m2) 

Cb : Chlorophenol concentration (kmol/m³) 

Fb : Feed flow rate (m³/s) 

L  : Length of the membrane (m) 

Pb : Feed pressure (atm) 

Rej : Chlorophenol rejection (dimensionless) 

Tb : Feed temperature (C) 

tf : Feed spacer thickness (m) 

tp : Permeate spacer thickness (m) 

W : Width of the membrane (m) 
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Highlights 

1. ANN is used to build RO membrane model for chlorophenol removal from wastewater. 

2. ANN model verification is carrioed out based on experimental data of chlorophenol. 

3. The prediction factors are the coefficient of correlation, R2 and average error. 

4. Two structures are used to study the effect of number of neurons in hidden layers. 

5. ANN model has closely estimated chlorophenol removal for network type 4-8-8-1.  

 


