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AbstractUsing computational intelligence for prediction, modeling, and optimization of chemical process behavior
could save costs and time. This study’s main goal was to predict and optimize removal efficiency and permeate flux
behavior of Pb2+ aqueous solution in a nanofiltration process through using response surface methodology (RSM) and
multilayer perceptron (MLP) neural network. A regression coefficient R2=0.99 was obtained for both removal efficiency
and permeate flux in the RSM model. Also, the F-value for the removal efficiency and permeate flux was 394.79 and
1888.85, respectively. Different MLP structures for predicting removal efficiency and permeate flux behavior of lead ion
in aqueous solutions were investigated. The best structure was obtained for two hidden layers with nine (tansig trans-
fer function) and three (logsig transfer function) neurons. The values of R=0.9993, R2=0.9986, MSE=0.402 and MAE=
0.409 for the best structure were obtained. Finally, the the removal efficiency was optimized through RSM based on the
experimental data. It was concluded that optimum mode selected for membrane composition of PSF=10.04%, NMP=
88.98%, and PAN-CMC-41=0.98% (wt%) 53.17 ppm as lead ion concentration in solution and 30.31 min for filtration
time achieved the maximum value of removal efficiency equal to 90.68%.
Keywords: Membrane, Modeling, Prediction, RSM, MLP, Lead Ion, Filtration

INTRODUCTION

Severe global environmental issues and lack of energy are pri-
mary concerns of governments recently. In this regard, environmen-
tal management and energy management are the fundamental
strategies that used to achieve environmental and economic tar-
gets. One of the main steps for environmental management is find-
ing solutions to environmental challenges. The pollution challenge
is one of the serious global environmental issues that has affected
many a person’s life worldwide [1-3]. The main reason for the pol-
lution challenge in the last 30 years is industrialization, due to the
fast-growing global population. One of the primary resources of
such pollution is the heavy metal issue. Researches have shown that
these metals, like Cadmium, Lead, and Mercuryare toxic [4,5]. Enter-
ing industrial wastewater, the primary food resource of humans,
animals, and plants gets polluted in the soils and rivers [6].

Many methods have been tested for water treatment operations
in the world. One of the best methods for solving the heavy metals
issue is the membrane-based separation system that is very useful
for industrial applications [7]. The mentioned systems have advan-
tages like flexibility, a choose able operating state, excellent efficiency,
and low energy. Researchers have recently applied nanotechnology
in membrane systems such as nanofiltration due to high water per-
meability and low operating pressure compared to other filtration
methods [8,9].

In this regard, many studies have investigated the effect of nano-
particles on the different polymer-based membranes. One of the

polymers selected for this technique is Polysulfone (PSF) due to
economic aspects and appropriate physical properties [10-16]. Ala-
wady et al. [17] investigated the effects of adding carbon nanotubes
(CNTs) and CNTS-COOH to Chitosan/polysulfone membranes
in the rejection of different metal ions. They reported that adding
carboxylic groups on CNTs has improved the performance of the
membrane. Modi and Bellare [18] fabricated a hybrid polysulfone-
iron oxide/graphene oxide composite hollow fiber membrane to
remove phenolic compounds from an aqueous medium moving
in a stream. Zhu et al. [19] evaluated the effects of incorporating
different content of TiO2 to graphene oxide (GO)/PSF membrane.
They concluded that adding TiO2 to the membrane has improved
water permeability and the novel membrane’s performance. Kumar
et al. [20] used a PSF composite with another component as a UF
membrane to remove heavy metals. They reported the membrane
with a composition of PSF/N-succinyl Chitosan (80 : 20) showed
excellent performance and high rejection of heavy metals.

The use of computational intelligence and numerical math meth-
ods for prediction, modeling, and optimization of chemical process
behavior and evaluating the parameters that affected the process
has been growing in recent years. Also, it could be saving cost and
time by using these methods [21-30]. For this purpose, Table 1
shows a review of different modeling and optimization methods
in various membrane systems.

Tiwari et al. [39] used response surface methodology (RSM) to
find the optimum state of copper recovery with a membrane sepa-
ration system. They reported three factors (operating pressure, ini-
tial concentration, and inlet flow rate) are mainly affected by the
separation process. They used the second-order polynomial equa-
tion for the study. Finally, they concluded that the RSM is an excel-
lent method to predict and optimize of the parameters of membrane



Removal efficiency optimization of Pb2+ in a nanofiltration process by MLP-ANN and RSM 317

Korean J. Chem. Eng.(Vol. 38, No. 2)

systems. Alver and Kazan [40] evaluated the effects of different
parameters on a reverse osmosis membrane system’s performance
by using an artificial neural network (ANN) evaluating the effects
of different parameters on a reverse osmosis membrane system by
using an artificial neural network (ANN). They investigated differ-
ent structures with Levenberg-Marquardt as a learning method.
They found that the artificial neural network shows excellent per-
formance for modeling of a reverse osmosis membrane system. In
another study, Choudhury et al. [41] fabricated a UF membrane
with content of CuO nanoparticles for removing heavy metals and
optimized the experimental condition through RSM. They reported
that using RSM optimization is very useful in finding the best
conditions for fabricating the membrane. For comparing the per-
formance of the methods, Jun et al. [42] used RSM and artificial
neural networks coupled with PSO to model and optimize the
crucial parameters of functionalized bipolar/PVA membrane for
removing methylene blue dye from aqueous solution. They con-
cluded that ANN-particle swarm optimization (PSO) had shown
excellent performance for predicting the removal contamination
process parameters by JP functionalized BP/PVA membrane.

The present study aimed to model, predict, and optimize removal
efficiency and permeate flux behavior of lead ion in aqueous solu-
tion in a nanofiltration process. Polysulfone (PSF) blended with poly-
aniline (PAN)/nanoparticles mixed matrix membrane was used in
this process. The modeling and optimization are based on the study’s
experimental results by Toosi et al. [43]. These experimental results
include filtration time, the concentration of lead ion solution, the
amount of PSF, NMP, and PAN-CMC-41. Removal efficiency and
flux behavior of lead ion in solutions were modeled and predicted
using RSM and multilayer perceptron artificial neural network.
After that, both methods were compared, till which method per-
formed better.

Finally, the removal efficiency of Pb2+ was optimized through
RSM in a different mode. RSM optimization was done for obtain-
ing the optimum composition of the mixed matrix membrane in
the nanofiltration process to gain high removal efficiency. The opti-
mization of the removal efficiency of Pb2+ can save costs and time
of different experimental work.

MODELING DESCRIPTION

1. Response Surface Methodology
One of the methods used to find a relationship between useful

parameters and outputs of a process is response surface methodol-
ogy. Also, the significance of the useful parameters has been inves-
tigated by RSM. The experiment’s costs will be decreased due to
the optimization of the useful parameters [44]. A matrix that related
parameters to the response was used for designing the experiment
through RSM. The matrix is composed of experimental data, error
terms, and interaction coefficients. The main task of RSM is to build
a function that relates experimental data to the outputs of the model
that had been predicted by the function [45]. The outputs of the
RSM model have been called the response. Eq. (1) is shown in the
response definition:

y=X+y (1)

Hence, y is the response, X is an input vector of the model,  is an
unknown coefficient vector, and y shows the error vector. We used
a polynomial equation for fitting experimental data versus response;
for a second-order polynomial equation, the equation can be illus-
trated as below [46]:

(2)

1-1. Analysis of Variance
Analysis of variance (ANOVA) was applied for verifying the

design model based on the experimental results. Two parameters
that showed the importance of the model are F-value and p-value.
High F-value and Probe>F less than 0.05 were assigned the pri-
mary criterion for significant models. Also, the coefficient of deter-
mination (R2) was used for determining the explanation manner
of model data based on experimental data [47]. R2 was defined as
the ratio of sum square of the model to sum square of y, as below:

(3)

Hence, SSmod was obtained the difference of the SStot, and sum square
of the residual model. The closer it is to the unit, the higher the
accuracy of the model. In some studies, R2

adj is also evaluated as
follows:

(4)

R2
adj is reduced by adding too much of the parameter. This is the best

way to add unnecessary variables in the R2 unmodified model [48].
2. Multilayer Perceptron Artificial Neural Network

One smart method to predict and model the process is an arti-
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Table 1. Review of the application of different modeling methods in various membrane systems
Reference Year Membrane Modeling and optimization method

[31] 2020 Fe/PAN, Goe/PAN, Mf/PAN Response Surface Methodology
[32] 2020 MOF-2(Cd)/PI MMMs Response Surface Methodology
[33] 2020 MBR Artificial Neural Network
[34] 2019 MWCNTs/PPy Artificial Neural Network
[35] 2019 GO-MWCNT/PVDF Response Surface Methodology
[36] 2018 AO-MBR Artificial Neural Network
[37] 2017 ELM Response Surface Methodology
[38] 2016 Ceramic membrane Artificial Neural Network
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ficial neural network (ANN). ANN is based on human brain per-
formance; it means that ANN contains neurons and weights that
obtain modeling and predicting the parameters. Also, the neurons
communicate together through weights. Supervised, unsupervised,
and hybrid are the three main learning paradigms for ANN train-
ing [49].

One of the most powerful methods for predicting ANN catego-
ries algorithms is the multilayer perceptron (MLP). The perceptron
is a linear classifier. The main sections of the MLP-ANN structure
are the input layer, the output layer, and the hidden layers (all the
layers between the input and output layers). The hidden layer’s task
extracts the information from the initial data for processing through
the neurons (that assigned biases for any of them). After that, an
input is ready for transfer functions. By repetition, a sufficient num-
ber of perceptrons converge to the correct behavior [50].

We evaluated important network parameters of the MLP-NN
for analyzing the performance of different structures of MLP-ANN.
One of the factors is the mean squared error (MSE) that shows
the relation average square error between outputs and inputs [51].
MSE was calculated as below:

(5)

Other parameters are used for evaluating the precision of the train-
ing algorithm of various network structures called R2. It can be
defined as the following equation:

(6)

where Pi is the value from the model, and Ai is the actual value.
Another performance parameter used for this purpose is the root
mean square error (RMSE) that can be calculated as follows:

(7)

Hence, N is the number of data [52].

RESULTS AND DISCUSSION

1. Modeling with RSM
In this section, the modeled equations for predicting removal
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Table 2. Analysis of variance (ANOVA) for removal efficiency of Pb2+

Source Sum of squares df Mean square F-value p-Value
Prob>F

Model 13,901.48 19.00 731.66 394.79 0.00 significant
A-PSF 20.63 1.00 20.63 11.13 0.00
C-PAN-CMC-41 0.00 0.00
D-Concentration 2,721.87 1.00 2,721.87 1,468.68 0.00
T-Time 209.11 1.00 209.11 112.83 0.00
AC 5.25 1.00 5.25 2.83 0.10
AD 2.04 1.00 2.04 1.10 0.30
AT 4.77 1.00 4.77 2.57 0.11
CD 0.00 0.00
DT 18.86 1.00 18.86 10.18 0.00
A2 0.00 0.00
D2 234.26 1.00 234.26 126.41 0.00
t2 2.67 1.00 2.67 1.44 0.24
ACD 8.44 1.00 8.44 4.55 0.04
ADT 37.84 1.00 37.84 20.42 0.00
A2D 0.00 0.00
AD2 4.79 1.00 4.79 2.59 0.11
D2T 55.18 1.00 55.18 29.78 0.00
DT2 167.68 1.00 167.68 90.48 0.00
T3 90.69 1.00 90.69 48.94 0.00
A2D2 20.63 1.00 20.63 11.13 0.00
D2T2 15.03 1.00 15.03 8.11 0.01
DT3 44.11 1.00 44.11 23.80 0.00
T4 17.09 1.00 17.09 9.22 0.00
Residual 96.37 52.00 1.85
Cor total 13,997.85 71.00
Std. Dev. 1.36 R-Squared 0.99
Mean 63.69 Adj R-Squared 0.99
C.V. % 2.14 Pred R-Squared 0.98
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efficiency and flux of lead ion in aqueous solution using PSF blended
with PAN/nanoparticles mixed matrix membrane were investi-
gated. Toosi et al. [43] reported three types, composition of the mixed
matrix membrane as M1 (PSF=11.7%, NMP=88%, PAN-MCM41=
0.3%), M2 (PSF=11.4%, NMP=88%, PAN-MCM41=0.6%), and
M3 (PSF=10.8%, NMP=88%, PAN-MCM41=1.2%) based on
weight percentage. Eqs. (8) and (9) describe the RSM modeling
for determining the removal efficiency and flux of Pb2+ studied by
Toosi et al. [43].

Removal Efficiency=61.105.66A15.43C8.10t+5.61AB
Removal Efficiency=1.26AC1.05At2.66Ct+7.84C2+2.20t2 (8)
Removal Efficiency=5.03ABC+3.62ACt+3.34AC2+2.84C2t+5.00CT2

Removal Efficiency=5.58t313.63A2C22.59C2t24.77Ct3+4.86t4

Flux=117.5846.01A36.85B6.11C+68.33t+21.74AB
Flux=1.77BC+6.28Ct26.76B2

5.56C2 (9)

Hence t is the time of the filtration process. A and B denote PSF and
PAN weight percentages in membrane composition, respectively,
and C is the concentration of a lead ion in aqueous solution. The
analysis of variance (ANOVA) of the removal efficiency and flux
of Pb2+ correlations is presented in Tables 2 and 3, respectively.

The model’s removal efficiency and flux of Pb2+ in aqueous solu-
tion have a regression coefficient R2=0.99. The regression model’s
importance for the removal efficiency and flux model is evident
from the large F-value (respectively, 394.79 and 1,888.85) and the
small p-value.

Fig. 1 illustrates the adaptation graph based on the experimen-
tal results and residuals graphs of the proposed RSM models for

removal efficiency and flux functions. As shown in Fig. 1(a) and
Fig. 1(c), the proximity of the diagonal line points indicates that
the empirical results are in great compromise with predicted out-
puts. However, a more accurate model for prediction of the flux of
Pb2+ was obtained. Most of the residual values are very near to 0
for both models (Fig. 1(b) and Fig. 1(d)). So, it could have resulted
that the suggested model could predicate the removal efficiency
and flux of Pb2+ in aqueous solution by using the nanofiltration
process well.

Fig. 2 shows the 3D graphs of (a) removal efficiency and (b)
flux of Pb2+ in solution. An increasing trend in the value of removal
efficiency has been observed when the filtration time and concen-
tration of a lead ion in aqueous solution decrease. The highest
amount of removal efficiency was obtained at the lowest filtration
time and concentration of the lead ion. While a similar trend was
obtained for the flux of lead ion, although, for the flux model, the
dependent of flux to lead ion concentration was more observable
compare to the removal efficiency model.

Contour diagrams of (a) removal efficiency and (b) flux of Pb2+

in solution are presented in Fig. 3. These graphs show that the fil-
tration time and concentration of Pb2+ are directly related to the
removal efficiency. Although, in a higher concentration of a lead
ion in solution, the filtration time is more effective than the con-
centration in the removal of Pb2+. For the flux model, the effect of
concentration is more significant than the filtration time.
2. Modeling with MLP

Fig. 4 illustrates the top eight neural network structures designed
to predict the removal efficiency and flux of lead ion.

The precision values of these structures for the designed neural

Table 3. Analysis of variance (ANOVA) for flux of Pb2+

Source Sum of squares df Mean square F-value p-Value
Prob>F

Model 106,056.60 9 11,784.06 1,888.85 4.23E-72 significant
A-PSF 2,957.38 1 2,957.38 474.03 9.75E-31
B-NMP 0.00 0
C-PAN-CMC-41 0.00 0
D-Concentration 22,593.55 1 22,593.55 3,621.50 1.04E-56
E-Time 1,153.14 1 1,153.14 184.83 2.91E-20
AC 2,333.91 1 2,333.91 374.10 5.93E-28
AD 609.46 1 609.46 97.69 2.34E-14
CD 0.00 0
DE 64.67 1 64.67 10.36 0.002044
B2 0.00 0
D2 383.77 1 383.77 61.51 7.41E-11
ACD 238.71 1 238.71 38.26 5.39E-08
AD2 69.38 1 69.38 11.12 0.001444
B3 0.00 0
Residual 386.80 62 6.23
Cor total 106,443.40 71
Std. Dev. 2.4 R-Squared 0.99
Mean 91.13 Adj R-Squared 0.99
C.V. % 2.74 Pred R-Squared 0.99
PRESS 501.41 Adeq Precision 148.28
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network are also shown in Table 4. According to the statistical analy-
sis of the outputs of eight designed neural network structures the

values of R=0.9993, R2=0.9986, MSE=0.402 (mean square error)
and MAE=0.409 (mean absolute error) for the best structure were

Fig. 1. The conformity and residual diagram of the proposed relationship with the experimental data: (a, b) Removal efficiency (c, d) flux.

Fig. 2. 3D diagram for (a) removal efficiency (b) flux.
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obtained. Based on these values, it can be concluded that the ob-
tained MLP model predicted the removal efficiency and perme-
ation flux behavior successfully.

Fig. 3. Contour diagram for (a) removal efficiency (b) flux.

Fig. 4. MAE-MSE of MLP modeling.

Table 4. ANN structures and accuracy for removal efficiency and flux modeling
Row Structure Transfer function R2 R MAE MSE

1 [21 8] [tansig logsig] 0.9879 0.9942 5.93E-01 1.32E+00
2 [31 6] [tansig tansig] 0.9894 0.9947 5.74E-01 1.20E+00
3 [31 9] [tansig tansig] 0.9903 0.9952 4.86E-01 1.07E+00
4 [3 10] [tansig logsig] 0.9905 0.9952 4.03E-01 1.03E+00
5 [41 5] [logsig tansig] 0.9946 0.9973 5.42E-01 6.77E-01
6 [51 8] [tansig logsig] 0.9945 0.9973 3.81E-01 6.65E-01
7 [81 4] [logsig logsig] 0.9981 0.9991 3.81E-01 4.67E-01
8 [91 3] [tansig logsig] 0.9986 0.9993 4.09E-01 4.02E-01

Fig. 5 illustrates the best MLP structure for predicting removal
efficiency and permeate flux behavior of lead ion in aqueous solu-
tion a mixed matrix membrane [43]. As can be seen, the structure
contains two hidden layers with nine (tansig transfer function) and
three (logsig transfer function) neurons, respectively. 

Fig. 6 shows the output charts of the MLP models versus the
actual data for the parameters (a) removal efficiency and (b) flux
of Pb2+ in solution. Due to the closeness of the points (neural net-
work output) to the diagonal line and the low error, the precision
of the obtained MLP modeling is acceptable to predict the removal
efficiency and flux of lead ion in aqueous solution.

Fig. 7 shows the output error of the MLP model and the actual
values for (a) removal efficiency, and (b) flux of Pb2+. Given the
proximity of the points to the zero lines, the proposed MLP model
has good accuracy for predicting the models. As shown in Fig. 7,
the maximum error for the removal efficiency model is lower than
the flux model. However, many numbers of the points in the flux
model are near zero lines.
3. Comparing between MLP and RSM Modeling

Fig. 8 illustrates a comparison of the compliance of MLP-ANN
and RSM modeling with empirical data. For the removal efficiency
and flux, both modeling methods had proper compliance with the
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observed data. However, the MLP-ANN model is more accurate
than the RSM model in predicting experimental data. It can be
proven by analyzing the performance data of the RSM and MLP
modeling, like the R2 value of the models. As can be seen from the
R2 value, MLP-ANN modeling has shown high accuracy in pre-
dicting the removal efficiency and flux behavior of Pb2+ aqueous
solution in a nanofiltration process.
4. Optimization with RSM

The removal efficiency was optimized through the response sur-
face methodology based on the experimental results of Toosi et al.

[43] research. Various modes of optimization of the removal effi-
ciency of a lead ion based on different components of the mixed
matrix membrane, filtration time, and concentration of Pb2+ in
aqueous solutions are listed in Table 5.

The best optimum state (the maximum value of removal effi-
ciency) 3D and contour graphs are illustrated in Fig. 9. The optimum
mode selected for membrane composition of PSF=10.04%, NMP=
88.98%, and PAN-CMC-41=0.98% (wt%), with 53.17 ppm as lead
ion concentration in solution and 30.31 min for filtration time was
achieved the maximum value of removal efficiency equal 90.68%.

Fig. 5. Neural network structure of removal efficiency and flux modeling.

Fig. 6. Neural network matching diagram with experimental data: (a) Removal efficiency (b) flux.
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CONCLUSION

Modeling of removal efficiency and permeate flux behavior for
lead ion in aqueous solution using mixed matrix membranes was
done successfully. Also, the removal efficiency was optimized to
obtain the optimum mode of operating condition. The RSM and
MLP-ANN modeling were investigated based on experimental

results. Results were achieved as below:
• The RSM model has a regression coefficient R2=0.99. The F-

value for the removal efficiency and permeate flux behavior model
was achieved 394.79 and 1,888.85, respectively.

• The highest amount of removal efficiency was obtained at the
lowest filtration time and concentration of the lead ion. In con-
trast, a similar trend was obtained for the flux of lead ion.

Fig. 7. Residual neural network output diagram with experimental data: (a) Removal efficiency (b) flux.

Fig. 8. Comparing between MLP-ANN and RSM modelling predication (a) removal efficiency (b) flux.

Table 5. Suggested modes of RSM optimization
Number PSF NMP PAN-CMC-41 Concentration Time Removal efficiency Permeate flux

1 10.04 88.98 0.98 53.17 30.31 90.68 220.70
2 11.37 87.75 0.88 25.34 31.60 90.30 172.38
3 11.68 87.78 0.54 25.08 30.52 90.21 176.87
4 11.44 87.95 0.61 26.42 31.22 90.08 171.54
5 11.25 87.27 1.48 25.00 30.22 90.00 170.65
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• The filtration time and concentration of Pb2+ both are directly
related to the removal efficiency. However, the flux model, the
effect of concentration, is more significant than the filtration time.

• The best MLP structure for predicting removal efficiency and
permeate flux of lead ion in aqueous solution was obtained, which
has two hidden layers with nine (tansig transfer function) and three
(logsig transfer function) neurons.

• The values of R=0.9993, R2=0.9986, MSE=0.402 and MAE=
0.409 for the best structure were obtained.

• The optimum mode selected for membrane composition of
PSF=10.04%, NMP=88.98%, and PAN-CMC-41=0.98% (wt%), with
53.17 ppm as the lead ion concentration in solution and 30.31
minutes for filtration time was achieved the maximum value of
removal efficiency equal 90.68%.

ABBREVIATION CONTENT

ANN : artificial neural network
ANOVA: analysis of variance
df : degrees of freedom
DOE : design of experiments
logsig : log sigmoid transfer function
MAE : mean absolute error
MLP : multilayer perceptron
MOD : margin of deviation
MSE : mean square error
tansig : hyperbolic tangent sigmoid transfer function
R2 : regression coefficient
RSM : response surface methodology
RMSE : root mean square error

Nomenclature
PSF : polysulfone
T : temperature [oC]

PAN : polyaniline
Pb2+ : lead ion
UF : ultra filtration
NF : nano filtration
RO : reverse osmosis
RE : removal efficiency
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