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Abstract

In this work, molecular separation of aqueous-organic was simulated by using combined soft
computing-mechanistic approaches. The considered separation system was a microporous
membrane contactor for separation of benzoic acid from water by contacting with an organic
phase containing extractor molecules. Indeed, extractive separation is carried out using
membrane technology where complex of solute-organic is formed at the interface. The main
focus was to develop a simulation methodology for prediction of concentration distribution of
solute (benzoic acid) in the feed side of the membrane system, as the removal efficiency of the
system is determined by concentration distribution of the solute in the feed channel. The pattern
of Adaptive Neuro-Fuzzy Inference System (ANFIS) was optimized by finding the optimum
membership function, learning percentage, and a number of rules. The ANFIS was trained using
the extracted data from the CFD simulation of the membrane system. The comparisons between

the predicted concentration distribution by ANFIS and CFD data revealed that the optimized

ANFIS pattern can be used as a predictive tool for simulation of the process. The R? of higher

than 0.99 was obtained for the optimized ANFIS model. The main privilege of the developed
methodology is its very low computational time for simulation of the system and can be used as

a rigorous simulation tool for understanding and design of membrane-based systems.
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1. Introduction

Separation using membrane technology has attracted much attention recently due to the unique
advantages of this technology compared to other conventional separation and purification
technologies [1-6]. The main privilege of membrane separation technology is the high control
over separation due to operation in small channel dimensions. Indeed, membrane separation can
be conducted at a microscale in which high separation efficiency is attained [7-13]. However,
among various membrane operations, membrane contactor (MC) systems have great capability
for separation/reaction at a small scale [14-16]. The membrane contactors are commonly porous
polymeric membranes used for contacting two liquid or gas phases. The most commonly used
module of membrane contactors is hollow-fiber membrane contactor (HFMC) which has found
applications in various sectors [17]. These membrane systems provide very high surface area per
unit volume and the operation is conducted at microscale [18-21].

In terms of structure, membranes are classified as non-porous and porous in which porous
membranes provide better separation performance in terms of mass transfer flux due to the large
pore size of membranes [22-30]. However, they do not have a high separation factor in
molecular separation. In order to optimize and design membrane contactors for a particular
application, modeling of the process can be used as a predictive tool to understand the process
and reduce the cost of process development and intensification. Different models can be used for
design and optimization of porous membrane contactors in which the main focus is on mass
transfer as well as momentum transfer in the module. Computational fluid dynamics (CFD) has
been shown great ability in modeling and simulation of mass transfer in different systems [31-
33]. For membranes contactors, the modeling is conducted by deriving the governing mass

transfer along with momentum transfer equations in all phases of the system [34-36]. The



derived equations are then solved using an appropriate numerical scheme such as finite element
or finite volume. Recently, finite element approach has been used extensively for modeling and
numerical simulation of mass transfer in hollow-fiber membrane contactors for gas and liquid
separation.

The main problem associated with CFD approach in modeling and numerical simulation of mass
transfer in porous membrane contactors is the computational expenses which demand high
computational time for a numerical solution. Soft computing approach based on fuzzy systems
and artificial neural network (ANN) [37-40] have been used recently in modeling and simulation
of processes and demand low computational expenses, while great predictive performance has
been reported for these approaches [41-43]. However, the accuracy of soft computing methods
depends on the architecture of the algorithm used, and the data used for training.

The idea of combining CFD approach and soft computing can be used to capture the advantages
of both methods and tackle the drawbacks associated with each method. The method has been
recently used for modeling and simulation of multiphase chemical reactors and shown to be a
promising approach [41, 42, 44, 45]. This novel approach takes in the data generated by CFD in
order to train artificial intelligent system, and once the system has been trained it can be used for
prediction of the process without the need for implementation of CFD for the whole system.
However, the percentage of data used for training and testing, as well as the structure of the
intelligent system play a crucial role in the accuracy of the model. In the current work, a novel
simulation methodology is developed by combining CFD and Adaptive Neuro-Fuzzy Inference
System (ANFIS) for simulation of porous membrane contactors. The combined model is

established by optimization of ANFIS pattern parameters including the percentage of learning



data, type of membership function, and a number of rules. The model is developed and tested for

removal of benzoic acid from water in a hollow-fiber membrane contactor.

2. Simulation methodology

2.1. CFD simulation

For CFD simulation of the system, three compartments are considered as the model domains, i.e.
feed, membrane, and shell [46, 47]. The feed solution which is aqueous contains benzoic acid
(BA) and water, while the organic phase in the shell side includes a complexing agent. By
contacting two aqueous and organic phases, a complex of BA-organic is formed and is
transferred to the shell side. The BA is removed from the system by convective flow of shell
side.

For the CFD simulation of the membrane system, mass and momentum transfer equations are

solved. The equations can be represented as follows [20, 48-54]:
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where C, D, and U refer to concentration, diffusivity, and velocity of fluid respectively. » and z
are the radial and axial coordinates, respectively. The diffusion coefficient of solute is taken from
literature [55]. For solving Navier-Stokes equations, finite element method (FEM) was used.

FEM was coupled with adaptive meshing and error control using numerical solver of

UMFPACK version 4.2.



2.2. ANFIS model

The data generated by CFD simulation of membrane contactor is used to train ANFIS. The data
are fed in ANFIS in terms of local concentration distribution at different nodes in the feed
channel of HFMC. The local concentration distribution of BA at various nodes are obtained by
solution of the mass transfer equation (Eq. 1) coupled with the momentum equation (Eq. 2). The
Adaptive-Network-based Fuzzy Inference System (ANFIS) which has an inference fuzzy pattern
for simulation of the non-linear behavior of systems was used to predict the concentration
distribution of solute [41, 42, 56-58]. Takagi and Sugeno method which is based on IF-THEN
rule is used for the ANFIS method [59-61]. ANFIS should be trained by a portion of input data,
and the trained system is then tested to validate the model. The training data are classified at
various levels of membership functions. To find out the optimum pattern of ANFIS for
prediction of the process, the ANFIS parameters including the membership function, learning

percentage, and a number of rules were changed. The different patterns were compared in terms

of R2 to find out the best fit.

3. Results and discussion

3.1. Effect of P factor

P factor which is defined as the percentage of the learning data is the main parameter in the
ANFIS model. For this study, the percentage of training data were changed between 2-90 % at
three levels, i.e. 0.02, 0.1, and 0.9. The less training data, the faster model, however, the accuracy
of testing should be taken into account. The results of comparisons between three different
percentages of learning data are illustrated in Fig. 1 for the training data. It is seen that the best

fir for the training is obtained for the P factor of 0.02. However, the test data are represented in



Fig. 2 which indicates that the worst fit is obtained when 2 % of data are used for training. When

10 % of CFD data are used for the training of ANFIS, R? of 0.98 is obtained, while for 90 % of

data, R’ of 0.99 is observed. It can be seen that 10 % of data would be the optimum P factor for

the ANFIS, and for the P factors higher than 0.1, no substantial improvement is observed.

The optimum number of P factor was then used in order to predict the process. The comparison
between CFD and ANFIS results as well as concentration distribution of BA in the feed channel
of HFMC is illustrated in Figs. 3 and 4, respectively. It is observed that the predicted
concentration distribution by ANFIS matches quite well with the data generated by CFD
simulation for the P factors of 0.1 and 0.9. Furthermore, the concentration distribution of BA in
the membrane contactor (see Fig. 4) indicates that the concentration of BA at the outlet of feed
side reaches 0 which implies the efficiency of membrane contactor in the removal of organic

compounds from aqueous solutions.
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Fig. 1: Comparing CFD with ANFIS results in training stage for different percentage of learning data. Number of rules=6, iter ations=500, membership
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%1073 nMFs6gaussmf MaxEpoch500P=%0.02 b %107 nMFs6gaussmf MaxEpoch500P=%0.1

O cFD | [0 cro
O ANFIS

N 06

0.2+

2 10 12 2 0 2 4 6 8 10 12
r x10°8 r x10°8

Fig. 3: Comparing CFD with ANFIS results in prediction stage for different percentage of learning data.

200
300 . 180
200 160
140
100 .
120
2 o
100
-100 -
80
200
80
2500
40
20

Fig. 4: ANFIS prediction results for different percentage of learning data.

2500

200

180

140

120

80

60

40

20



3.2. Effect of membership function

Another ANFIS parameter which was changed in this study is membership functions. To find out
the best membership function for simulation of the process, three different membership function
including gauss2mf, dsigmf, and pimf were used. These membership functions are the default
functions in MATLAB software. The comparisons between various membership functions for
the training and testing stages are shown in Figs 5 and 6, respectively. Also, the prediction plots
are illustrated in Figs. 7 and 8. The results revealed that the type of membership function does

not have a significant effect on the training, testing, and prediction of concentration distribution.

Almost, the same R’ was obtained for all training and testing.
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3.3. Effect of number of rules

The effect of a number of rules on the accuracy of ANFIS prediction is shown in Figs. 9-11. The
fitting for the training and testing are shown in Figs. 9 and 10, respectively, while prediction is
shown in Fig. 11. Three number of rules were changed to find out the best pattern for the ANFIS
model. 4, 6, and 8 rules were considered in the ANFIS development, while it is seen that the best
results are obtained with 6 rules. Increasing the number of rules from 6 to 8 does not improve the
fitting significantly, and 6 can be chosen as the optimum number of rules. The concentration
distribution of BA in the membrane contactor is depicted in Fig. 11 for a various number of
rules. It is seen that the concentration profile cannot be predicted by using 2 rules, whereas the

concentration distribution is established by using 6 rules and 8 rules.
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4. Conclusions

A novel simulation methodology based on CFD-ANFIS was developed in this study to predict
the concentration distribution of benzoic acid in a membrane contactor. The CFD data obtained
from mass transfer simulation of the process was used in order to train the ANFIS model. The
parameters of the ANFIS model were optimized to find the optimum ANFIS pattern for
simulation of the process. It was revealed that the optimum ANFIS pattern can be developed
using 10 % of learning data, and 6 rules. It was also indicated that the type of membership
function does not have a significant effect on the predictability of the model, and almost similar
results were obtained for all three considered functions. The results of this novel simulation
methodology revealed that this model is robust and powerful in the simulation of membrane
separation processes and can be used at low computational expenses compared to other

mechanistic models.

Nomenclature

C [mole m ]
D [m2 s'l]

F [N]

P [Pa]

P [Yo]

r [m]

t [s]

T [K]

U [ms’]

z [m]

Greek symbols

n kgm s
p [kg m™]
Abbreviations
ANFIS

ANN

BA

CFD

HFMC

MC

Concentration of benzoic acid

Diffusion coefficient
Force

Pressure

Percentage of learning data
Radial distance

Time

Temperature

Velocity
Axial distance

Viscosity
Density

Adaptive Neuro-Fuzzy Inference System
Artificial neural network

Benzoic acid

Computational fluid dynamics
Hollow-fiber membrane contactor
Membrane contactor



References

[1] M. Rezakazemi, M. Sadrzadeh, T. Matsuura, Progr. Energy Combust. Sci. 66 (2018) 1.

[2] M. Rezakazemi, A. Ebadi Amooghin, M.M. Montazer-Rahmati, A.F. Ismail, T. Matsuura,

Prog. Polym. Sci. 39 (2014) 817.

[3] M. Rezakazemi, A. Khajeh, M. Mesbah, Environ. Chem. Lett. 16 (2018) 367.

[4] H. Sanaeepur, A.E. Amooghin, A. Moghadassi, A. Kargari, Sep. Purif. Technol. 80 (2011) 499.

[5] P. Moradi Shehni, A.E. Amooghin, A. Ghadimi, M. Sadrzadeh, T. Mohammadi, Sep. Purif. Technol.
76 (2011) 385.

[6] A. Ebadi Amooghin, H. Sanaeepur, A. Kargari, A. Moghadassi, Sep. Purif. Technol. 82 (2011) 102.
[7] M. Rezakazemi, 1. Heydari, Z. Zhang, Journal of CO2 Utilization 18 (2017) 362.

[8] S. Saedi, S.S. Madaeni, A.A. Shamsabadi, Chem. Eng. Res. Des. 92 (2014) 2431.

[9] S. Saedi, S. Madaeni Sayed, A. Shamsabadi Ahmad, The Canadian Journal of Chemical Engineering
92 (2014) 892.

[10] S.S. Madaeni, V. Vatanpour, H. Ahmadi Monfared, A. Arabi Shamsabadi, K. Majdian, S. Laki,
Ind. Eng. Chem. Res. 50 (2011) 11712.

[11] M. Zamani Pedram, M. Omidkhah, A. Ebadi Amooghin, Journal of Industrial and Engineering
Chemistry 20 (2014) 74.

[12] A. Ebadi Amooghin, P. Moradi Shehni, A. Ghadimi, M. Sadrzadeh, T. Mohammadi, Journal

of Industrial and Engineering Chemistry 19 (2013) 870.

[13] H. Sanaeepur, O. Hosseinkhani, A. Kargari, A. Ebadi Amooghin, A. Raisi, Desalination 289 (2012)
58.

[14] S. Shirazian, A. Marjani, M. Rezakazemi, Engineering with Computers 28 (2012) 189.

[15] M. Fasihi, S. Shirazian, A. Marjani, M. Rezakazemi, Mathematical and Computer Modelling 56
(2012) 278.

[16] S. Shirazian, M. Rezakazemi, A. Marjani, M.S. Rafivahid, Asia-Pacific Journal of Chemical
Engineering 7 (2011) 828.

[17] A. Muhammad, M. Younas, M. Rezakazemi, Chem. Eng. Res. Des. 127 (2017) 52.

[18] R. Prasad, K.K. Sirkar, Journal of Membrane Science 50 (1990) 153.

[19] M. Rezakazemi, Z. Niazi, M. Mirfendereski, S. Shirazian, T. Mohammadi, A. Pak,

Chemical Engineering Journal 168 (2011) 1217.

[20] M. Rezakazemi, S. Shirazian, S.N. Ashrafizadeh, Desalination 285 (2012) 383.

[21]J.-M. Zheng, Z.-W. Dai, F.-S. Wong, Z.-K. Xu, Journal of Membrane Science 261 (2005) 114.
[22] N. Hajilary, M. Rezakazemi, S. Shirazian, Environ. Chem. Lett. (2018).

[23] M. Rezakazemi, A. Dashti, H. Riasat Harami, N. Hajilari, Inamuddin, Environmental

Chemistry Letters 16 (2018) 715.

[24] E. Ghasemi Estahbanati, M. Omidkhah, A. Ebadi Amooghin, Journal of Industrial and
Engineering Chemistry 51 (2017) 77.

[25] H. Sanaeepur, A. Kargari, B. Nasernejad, A. Ebadi Amooghin, M. Omidkhah, J. Taiwan Inst.
Chem. Eng. 60 (2016) 403.

[26] M.M. Moftakhari Sharifzadeh, A. Ebadi Amooghin, M. Zamani Pedram, M. Omidkhah, Journal of
Industrial and Engineering Chemistry 39 (2016) 48.

[27] A. Ebadi Amooghin, M. Omidkhah, H. Sanaeepur, A. Kargari, Journal of Energy Chemistry

25 (2016) 450.

[28] F. Ranjbaran, M.R. Omidkhah, A. Ebadi Amooghin, J. Taiwan Inst. Chem. Eng. 49 (2015) 220.
[29] M. Loloei, M. Omidkhah, A. Moghadassi, A.E. Amooghin, International Journal of Greenhouse Gas
Control 39 (2015) 225.

[30] A. Ebadi Amooghin, M. Omidkhah, A. Kargari, J. Membr. Sci. 490 (2015) 364.

[31] M. Ahmadlou, M. Rezakazemi, Journal of Porous Media 21 (2018) 539.

[32] F. Hashemi, S. Rowshanzamir, M. Rezakazemi, Mathematical and Computer Modelling 55

(2012) 1540.



[33] E. Farno, M. Rezakazemi, T. Mohammadi, N. Kasiri, Polymer Engineering & Science 54 (2013)
215.

[34] M. Rezakazemi, S. Shirazian, Chemical Engineering & Technology 41 (2018) 1975.

[35] M. Asadollahzadeh, N. Raoufi, M. Rezakazemi, S. Shirazian, Macromolecular Theory

and Simulations 27 (2018) 1700084.

[36] S.M.R. Razavi, M. Rezakazemi, A.B. Albadarin, S. Shirazian, Chemical Engineering and
Processing: Process Intensification 108 (2016) 27.

[37] M. Rezakazemi, S. Razavi, T. Mohammadi, A.G. Nazari, J. Membr. Sci. 379 (2011) 224.

[38] M. Rostamizadeh, M. Rezakazemi, K. Shahidi, T. Mohammadi, Int. J. Hydrogen Energy 38

(2013) 1128.

[39] M. Mesbah, S. Shahsavari, E. Soroush, N. Rahaei, M. Rezakazemi, Journal of CO2 Utilization 25
(2018) 99.

[40] E. Soroush, S. Shahsavari, M. Mesbah, M. Rezakazemi, Z.e. Zhang, Chin. J. Chem. Eng. 26 (2018)
740.

[41] M. Pourtousi, J.N. Sahu, P. Ganesan, S. Shamshirband, G. Redzwan, Powder Technol. 274 (2015)
466.

[42] M. Pourtousi, M. Zeinali, P. Ganesan, J.N. Sahu, RSC Advances 5 (2015) 85652.

[43] M. Rezakazemi, A. Dashti, M. Asghari, S. Shirazian, International Journal of Hydrogen Energy 42
(2017) 15211.

[44] M. Rezakazemi, S. Shirazian, Journal of Non-Equilibrium Thermodynamics, 2018.

[45] M. Rezakazemi, S. Shirazian, Chemical Engineering & Technology 41 (2018) 1982.

[46] M. Rezakazemi, Z. Niazi, M. Mirfendereski, S. Shirazian, T. Mohammadi, A. Pak, Chem. Eng. J.
168 (2011) 1217.

[47] M. Rezakazemi, M. Shahverdi, S. Shirazian, T. Mohammadi, A. Pak, Chem. Eng. J. 168 (2011) 60.
[48] A. Muhammad, M. Younas, M. Rezakazemi, Environmental Science and Pollution Research

25 (2018) 12053.

[49] M. Rezakazemi, Desalination 443 (2018) 323.

[50] M. Rezakazemi, M. Darabi, E. Soroush, M. Mesbah, Separation and Purification Technology 210
(2019) 920.

[51] N. Hajilary, M. Rezakazemi, International Journal of Greenhouse Gas Control 77 (2018) 88.

[52] E. Norouzi, C. Park, Desalination and Water Treatment 106 (2018) 40.

[53] A. Hekmat, A.E. Amooghin, M.K. Moraveji, Simulation Modelling Practice and Theory 18 (2010)
927.

[54] A. Ebadi Amooghin, S. Jafari, H. Sanaeepur, A. Kargari, Applied Mathematical Modelling 39 (2015)
1616.

[55] J.M.P. R. C. Reid, B. E. Poling,, The Properties of Gases & Liquids. 4th Ed. edn. McGraw-

Hill,, New York, 1987.

[56] M. Rezakazemi, A. Ghafarinazari, S. Shirazian, A. Khoshsima, Polymer Engineering & Science 53
(2012) 1272.

[57] A. Dashti, H.R. Harami, M. Rezakazemi, Int. J. Hydrogen Energy 43 (2018) 6614.

[58] M. Rezakazemi, A. Azarafza, A. Dashti, S. Shirazian, International Journal of Hydrogen Energy 43
(2018) 17283.

[59] T. Takagi, M. Sugeno, IEEE Transactions on Systems, Man, and Cybernetics SMC-15 (1985) 116.
[60] A. Dashti, M. Asghari, M. Dehghani, M. Rezakazemi, A.H. Mohammadi, S.K. Bhatia, Journal

of Molecular Liquids 265 (2018) 53.

[61] A. Dashti, H. Riasat Harami, M. Rezakazemi, S. Shirazian, Journal of Molecular Liquids 271 (2018)
661.






