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Abstract
	 The authors’ aim in this study is model in desulfurization of organic compounds by use of Polyethylene glycol- poly-
ether sulfone membrane.  The modeling was done based on two completely different methods of Artificial Neural Network 
(ANN) and implementation of COMSOL software by use of Thiophene alkane (an organic substance), Polyethylene glycol- 
polyether sulfone membrane. In the modeling process by means of ANN, the error percentage of the actual values for the 
outputs of separation factor and the flux were calculated, and their graphs were drawn. Moreover, in the modeling process 
by means of COMSOL, the actual value of flux was calculated by the modeling value by the related membrane. The error 
percentage was calculated to be 0.013. The authors came to conclusion that the ANN solves the problems in details, but the 
COMSOL solves the problems in general. For example, ANN considered the temperature part by part; but, COMSOL re-
ceived temperature ranges. Furthermore, the error percentage in ANN modeling was lowers the error percentage in COMSOL 
modeling.
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Introduction
Sulfur-containing compounds are one of the most important 

pollutants in petroleum products, and removing them is consid-
ered as a goal in the refinement process. The Desulfurization pro-
cess emerged in 1933, and so far, a great number of researches 
have been conducted on this subject. Environmental regulations 
for sulfur content in fossil fuels are getting more and more rigid, 
and international regulation-making organizations has defined the 
permissible amount of sulfur content in petroleum products to be 
15 ppm in order to limit and lower the amount of this dangerous 
substance. However, the amount of sulfur content in the petroleum 

products produced in Iranian refineries is about 500-1000 ppm, 
and this amount of sulfur content can seriously pollute the air and 
environment [1].

As reduction of sulfur content in the fuel is influential over 
the Diesel engine performance, automobile-makers are obliged to 
design and manufacture automobiles that are compatible with low-
sulfur fuels [2]. Moreover, existence of poisoning expensive metal 
catalysts used in the refineries, and deactivation of these substance 
while getting in contact with these harmful compounds is another 
reason of necessity for fuel desulfurization. Regarding the rigid 
regulations on fuel desulfurization [3], the researchers are trying to 
find solutions for desulfurization of fuels in the recent years. One 
of the fuel desulfurization methods that have attracted attention 
of the researchers in the recent years is desulfurization by use of 
membrane processes. In this technology, a semi-permeable mem-
brane is used for separation of different compounds. This method 
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is much more economic than other common methods of desulfur-
ization regarding the costs, consumed energy, and required equip-
ment [4].

The Evaporation process is a notable progress in the field of 
solvent dehydration, dehydration of volatile organic compounds, 
water partial dehydration, and recently, dehydration of organic- 
organic solutions. Furthermore, it is approved that such method 
has a good efficiency in separation of sulfur impurities. Due to 
high overall efficiency and high energy efficiency, this method 
is getting more popularity in the industries right now. Selection 
of the proper membrane is one of the most important phases in 
the evaporation process. In most of the evaporation processes, the 
driving force is the pressure difference between the feed current 
and the permeated current, and, the vacuum pomp provides the re-
quired driving force for mass transfer of the compounds [5]. In this 
study, a membrane procedure will be simulated in Artificial Neural 
Network (ANN) and COMSOL software. The produced feed from 
Sulfur and hydrocarbon compounds undergo the procedure, and 
will be analyzed under different conditions regarding temperature 
and pressure in separation efficiency. Moreover, other influential 
parameters on the evaporation process will be defined [6,10].
Experimental
Artificial Neural Network (ANN)

The ANN system is inspired by the brain and neural system 
of human beings, and is composed of a great number of neurons. 
Like human brain, the ANN networks are capable of training. One 
of the advantages of ANN networks is that in problems where an 
algorithm (in the form of a formula) is not found, or there are a 
number of examples of the inputs and outputs of the desired sys-
tem available, usage of ANN for proposition of a model or giving 
structure to the information will be useful [11]. High calculation 
speed of the computers and faster training algorithms can make 
the ANN more popular in future. This issue can make usage of 
ANN possible in industrial problems that have a great volume of 
calculations. Regarding the fact that ANN is not comparable with 
the natural neural networks, they (ANN) have some characteris-
tics that make them unique where training a linear or nonlinear 
mapping is required (for example in the field of image resolution, 
robotics, and control) [12,14].
The Structure of ANN

Regarding the fact in many cases, a neuron with a great num-
ber of inputs is not enough for resolving a technical- engineering 
problem, gathering a number of neurons in a layer are required in 
some cases. Moreover, compilation of neurons in different layers 
is possible for increasing the system efficiency. In this case, the 
network will be designed with a particular number of inputs and 
outputs, with a difference that the network will have more than one 
layer. Under this condition, the layer to which the data enters is 
called input layer, the layer from which the processed data gets out 
is called the output layer, and other layers are called hidden layers. 
(Figure 1) displays an ANN with three layers. In this network, the 

Figure 1: A schematic of ANN and its layers.
The artificial neural cell is in fact a mathematical equation in 

which denotes an input signal that after strengthening or weaken-
ing as much as parameter (in mathematical terminology, it is called 
weight parameter), it will enter the neuron as an electric signal 
with a size of. In order to simplify the mathematical model, it is 
assumed that input signal is added to another signal with the value 
within the neural cell nucleus. Before getting out of the cell, the re-
sult (i.e. a signal with a value of) undergoes another process that is 
called transfer function in the technical terminology. When a huge 
ANN is formed due to gathering a great number of neural cells, too 
many of the and  parameters  must  be  initialized  by  the  network  
designer. This process is called training process. Sometimes, com-
piling a number of neurons in a layer is required. Moreover, com-
piling neurons in different layers is also possible for improving the 
system efficiency. In this case, the network will be designed with a 
particular number of inputs and outputs, with a difference that the 
network will have more than one layer. The network capabilities 
can be modified by altering the number of hidden layers, and the 
number of neurons in each layer [15].

The network inputs include volumetric flow rate and tem-
perature. The network outputs include separation factor and flux. 
A separate ANN was designed for the separation factor and flux 
parameters. The MATLAB software version R2012a (7.14.0.739), 
propagation training algorithm for neural network modeling, and 
Levenberg-Marquardt function for neural network modeling were 
usedthe neurons in the input layer of the network were defined to 
be 5 neurons. The results can be seen in figures below. The out-
puts for flux in Thiophene desulfurization by use of Polyethylene 
Glycol- Polyether Sulfone membrane with 100 number of outputs 
are as follows [16]. There is a system performance graph in the 
ANN that shows the number of steps in terms of error. As shown 
in (Figure 2), the error performance of the network for train, test, 
and validation is descending. Phase 19 that is marked with a circle 
shows the best validation performance. It means that system had 
a lower error till the circle, and the excessive training initiated af-
terward.

input, hidden, and output layers are composed of only one layer. 
The network capabilities can be modified by altering the number 
of hidden layers, and the number of neurons in each layer.
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Figure 2: The performance of Alcan- Thiophene dehydration by Polyeth-
ylene Glycol- Polyether Sulfone membrane.

Figure 4: The flux graph for dehydration of Alcan- Thiophene dehydra-
tion By Polyethylene Glycol- Polyether Sulfone membrane.

Figure 5: Comparison of the error percentage for real output and the mod-
eled output in dehydration of Alcan-Thiophene by Polyethylene Glycol- 
Polyether Sulfone membrane.

After the required data were defined and trained to the ANN, 
other results were achieved in the regression section. In the figure 
below, the target axis depicts the goal parameter outputs (in fact, 
the thing to be achieved at the end). The vertical axis depicts the 
output achieved by the ANN. These two graphs are usually drawn 
according to each other, and if the ANN would be able to con-
duct an exact modeling, the graph will be drawn on a line with 
coordination (a line with the slope 1 that passes the origin of the 
coordinates). In order to statistically calculate the best line with the 
lowest error, the linear equation in the total graph should be used.

Figure 3: Regression graph for dehydration of Alcan- Thiophene dehy-
dration by Polyethylene Glycol- Polyether Sulfone membrane.

Figure 6: The performance graph for dehydration of Alcan- Thiophene by 
Polyethylene Glycol- Polyether Sulfone membrane.

The 3D graph of Thiophene desulfurization can be ana-
lyzed as follows:

As the pressure increases, flux decreases too. In other words, 
with increase of temperature and decrease of pressure, flux in-
creases. The reason of such phenomenon can be decrease of the 
driving force.

The figure below displays a comparison of the error percent-
age for real output and the modeled output. As observed in (Figure 
5), flux increases with the decrease of pressure. However, flux in-
creases as the temperature increases.

For desulfurization of Thiophene by use of Polyethylene 
Glycol- Polyether Sulfone membrane, the output results of separa-
tion factor with 100 out	 puts are as follows [16]. In the figure 
below, the best validation performance was achieved in the four-
teenth repetition, and excessive training initiated afterward.

The regression graph is depicted in figure below. As observed 
in the total graph, the best line with the lowest error is achieved by 
the equation 1.Output=1*Target+0.0084
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Figure 7: Regression graph for separation factor in dehydration of Alcan- 
Thiophene by Polyethylene Glycol- Polyether Sulfone membrane.

As analysis of the 3D graph below, it can be mentioned 
about the separation factor that at beginning, separation factor 
increases with increase of temperature, and decreases afterward. 
About alteration of pressure, it can be  said that by increase of pres-
sure, separation factor decreases; however, the separation factor 
increases at beginning, and decreased slightly afterward.

Figure 8: Separation factor 3D graph for dehydration of Alcan- Thio-
phene by Polyethylene Glycol- Polyether Sulfone membrane.

The graph for calculation of error percentage of the real 
output and the modeled output is depicted in the figure below. As 
observed in the figure, in dehydration of Thiophene, flux and sepa-
ration factor increase with the increase of temperature. However, 
increase of separation factor is little, and afterward, separation fac-
tor increases as the temperature decreases.

Multiphysics COMSOL software
Multiphysics COMSOL software is modeling software that 

runs all the phases in the modeling process. Different modeling 
phases that COMSOL is capable of phase by phase modeling are 
drawing geometric structure of the model, meshing model, draw-

ing the major physics of model, resolving the model, and graphi-
cal presentation of the modeling results. Due to usage of default 
physical structures in this software, modeling in this software is 
done very fast. It is possible to electromagnetically analyze a vast 
range of mechanical structures by this software. It is also possible 
to define the material characteristics, source parts, and the approxi-
mate border of objects as arbitrary functions of the independent 
variables. Modeling dehydration of organic compounds by use of 
COMSOL Multiphysics software Such organic compounds as ace-
tone, butanol, ethanol, isopropanol, and methanol were selected for 
this study, and the COMSOL Multiphysics   version 4.2.0.150 was 
used for modeling. The procedure description is as follows [17].
After opening the software, select the 2D mode to enter the phase 
definition phase. In the phase definition section, select “Transport 
of Concentrated Species” (that is applicable for thick solutions) for 
the mass transfer mode.   Forthe fluid mechanics issue, select the 
“laminar Flow” mode, and for the heattransfer mode, select “Heat 
Transfer Solids”. Select the study type to be “Type Dependent”. 
This type is applicable for solving equations that depend on time. 
On the setting page, for length unit select mm, and for size unit 
select degrees. Now, it is time for definition of geometry, draw the 
first rectangle as vertical, and the second rectangle as horizontal.
The next step will be selection of materials. As the name suggests, 
water and alcohols are needed for this study. Water enters the sys-
tem from the top, and alcohol enters from the bottom, Then, the 
materials will be mixed, and exit from the right. So, the system 
will have two inputs and one output. Mesh is the starting point for 
Finite Element Method, and its mission is partitioning geometry 
into smaller units with simpler shapes.

Figure 9: Meshing the membrane module in the dehydration process of 
Alcan- Thiophene by different membranes.

Now, it is time to draw geometry. Right click on the “Study”, 
and click “Compute” option.  On   the “Results” part, you see 
counters   that     display temperature, flux, velocity, and pres-
sure. The results for the Polyethylene Glycol and Polyether Sul-
fone membrane are as follows [18]. In the temperature graph, the 
input equals with the atmosphere temperature, and temperature 
gradually decreases along the membrane. The reason is that due 
to existence of vacuum in membrane output, condensation occurs, 
andaccordingly, temperature in the membrane output decreases 
from thermodynamic point of view, and becomes cool.
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Figure 10: The temperature graph in dehydration process of Alcan- Thio-
phene by Polyethylene Glycol and Polyether Sulfone membrane.

As there is feed in the input of the flux graph, the flux de-
crease is not so notable. The flux did not change in the membrane 
walls. However, due to increase of pressure within the membrane, 
flux increased. The error percentage for flux is 0.013.

Figure 11: The flux graph in dehydration process of Alcan- Thiophene by 
Polyethylene Glycol and Polyether Sulfone membrane it is witnessed that 
in velocity graph, the current velocity in the input is low, and it decreased 
along the wall too. However, the velocity increased within the membrane 
as the temperature decreased along the membrane, and sulfur concentra-
tion increased.

Figure 12: The velocity graph for dehydration process of Alcan- Thio-
phene by Polyethylene Glycol and Polyether Sulfone membrane.

In the pressure graph, the pressure is equal to atmosphere 
pressure at the input, and it decreased along the membrane. The 
reason can be increase of the driving force along the membrane.

Figure 13: The pressure graph for dehydration process of Alcan- Thio-
phene by Polyethylene Glycol and Polyether Sulfone membrane.

Comparison of the ANN and COMSOL in desulfuriza-
tion of organic compounds by polyethylene glycol- poly-
ether sulfone glycol membrane

With regard to the error percentage, it can be concluded that 
both modeling results were acceptable, and the ANN had a lower 
error percentage than the COMSOL. As a result, ANN is more ac-
curate, because it considers problems in more detail, but COM-
SOL solves the problems in general.

Achieved flux in membranes 
(kgm-2h-1)

Modeling type

PEG-PES membrane (Ligang Lin, 
et al.)

ANN 5.2
COMSOL 5.1828

Real amount 5.18212
Error percentage in ANN (%) 0.34
Error percentage in COMSOL 0.013

 

Conclusion
The maximum amount of flux modeled by ANN, the maxi-

mum amount modeled by COMSOL, and the real amount of flux 
were compared in this study. The amount of error percentage in 
ANN was 0.34, and in COMSOL was achieved to be 0.013 that 
both were acceptable. Consequently, it can be concluded that the 
results of both modeling methods were acceptable.

Desulfurization of organic compounds by means of evapo-
ration was modeled in ANN. It was concluded that Polyethylene 
Glycol- Polyether Sulfone Glycol membrane is suitable for des-
ulfurization of organic compounds. Moreover, the ANN could 
reflect the error very well.Desulfurization of organic compounds 
by means of evaporation was modeled in COMSOL too. It was 
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concluded that polymer membrane used for so doing is suitable for 
desulfurization of organic compounds. Moreover, the COMSOL 
could reflect the flux error very well in this study.

References
Wan Nazwanie Wan Abdullah, Wan Azelee Wan Abu Bakar, Rusmi-1.	
dah Ali, Zaidi Embong (2015) Oxidative desulfurization of commercial 
diesel catalyzed by tert-butyl hydro peroxidepolymolybdate on alumina 
optimization by Box-Behnken design 2: 433-447.

Al-Shahrani F, Xiao TC, Llewellyn SA, Barri S, Jiang Z, et al. (2007) 2.	
Desulfurization of diesel via the H2O2 oxidation of aromatic sulfides to 
sulfone using a tungstate Catalyst. Applied Catalysis B: Environmental 
73: 311-316.

Li H, Li M, Chu Y, Liu F, Nie H (2014) Effect of different preparation 3.	
methods of MoO3/Al2O3 catalysts on the existing states of Mo species 
and hydrodesulphurization activity. Fuel 116: 168-174.

Bö4.	 smannA, Datsevich L, Jess A, LauterA, Schmitz C, et al. (2001) 
Deep desulfurization of diesel fuel by extraction with ionic liquids. 
ChemComm 7: 2494-2495.

Mulder M (1996) Basic principles of membrane technology ed S Edi-5.	
tion, Kluwer, 1996.

Huang CP, Chen BH, Zhang J, Liu ZC, Li YX (2004) Desulfurization of 6.	
gasoline by extraction with new ionic liquids.Energy Fuels18: 1862-1864.

Yazu K, Makino M, Ukegawa K (2004) Oxidative desulfurization of die-7.	
sel oil with hydrogen peroxide in the presence of acid catalyst in diesel 
oil/acetic acid biphasic system. Chem

Jianlong Wang, Qingping Guo, ChangmingZhangac, Kaixi Lia (2014) 8.	
One-pot extractive and oxidative desulfurization of liquid fuels with mo-
lecular oxygen in ionic liquids: 104.

Fattahi A, Omidkhah1 M1, Zarringhalam MR, Moghaddam A, Akbari1 9.	
A (2014) Synthesis and Characterization of Co-Mo/Γ-Al2O3 New Cata-
lyst for Oxidative Desulfurization (ODS) of Model Diesel Fuel. Petro-
leum & Coal 56: 442-447.

Dooley KM, Liu D, Madrid AM, Knopf FC (2013) Oxidative desulfuriza-10.	
tion of diesel with oxygen: Reaction pathways on supported metal and 
metal oxide catalysts. Applied Catalysis A: General 468:143-149.

Mohaghegh S (2000) Virtual-intelligence applications in petroleum 11.	
engineering part1 - Artificial neural networks.  Journal of Petroleum 
Technology: 52.

Maier HR, Dandy GC (2001) Neural networks for prediction and fore-12.	
casting of water resources variables: a review of modeling issues and 
applications.  Environmental Modeling and Software 15: 101-124.

Goda HM, Maier HR, Behrenbruch P (2005) The development of an 13.	
optima artificial neural network model for estimating initial, Irreducible 
water saturation. Australian Reservoirs, SPE 93307, The 2005 Asia 
Pacific Oil and Gas Conference and Exhibition, Jakarta, Indonesia.

Shokri EM, EL-M, Alsughayer AA,Alateeq A (2006) Permeability esti-14.	
mation from well logs responses.Journal of Canadian Petroleum Tech-
nology 45: 41-46.

Rautenbach R, Albrecht R (1985) The separation potential of evapo-15.	
ration: part 1 Discussion of transport equations and comparison with 
reserve osmosis. Journal of membrane science: 1-23.

Ligang Lin, Ying Kong, Gang Wang, Huimin Qu, Jinrong Yang, et al. 16.	
(2006) Selection and crosslinking modification of membrane material 
for FCC gasoline desulfurization. J Memb Sci 285: 144-151.

Srikanth G (2008) Membrane separation processes technology and 17.	
business, Opportunities. Water conditioning & purification.

Rongbin Qi, Yujun Wang, Jian Chen, Jiding Li, Shenlin Zhu (2007) 18.	
Pervaporative desulfurization of model gasoline with Ag2O-filled PDMS 
membranes. Separation and purification technology 57: 170-175.

Ligang Lin, Ying Kong, Jinrong Y, Deqing Shi, KekunXie, et al. (2007) 19.	
Scale-up of evaporation for gasoline desulphurization Part.  Simulation 
and design.

http://www.academia.edu/27143570/Desulfurization_of_diesel_via_the_H2O2_oxidation_of_aromatic_sulfides_to_sulfones_using_a_tungstate_catalyst
http://www.academia.edu/27143570/Desulfurization_of_diesel_via_the_H2O2_oxidation_of_aromatic_sulfides_to_sulfones_using_a_tungstate_catalyst
http://www.academia.edu/27143570/Desulfurization_of_diesel_via_the_H2O2_oxidation_of_aromatic_sulfides_to_sulfones_using_a_tungstate_catalyst
http://www.academia.edu/27143570/Desulfurization_of_diesel_via_the_H2O2_oxidation_of_aromatic_sulfides_to_sulfones_using_a_tungstate_catalyst
https://www.tib.eu/en/search/id/ceaba%3ACEAB20131107542/Effect-of-different-preparation-methods-of-MoO3/?tx_tibsearch_search%5Bsearchspace%5D=tn
https://www.tib.eu/en/search/id/ceaba%3ACEAB20131107542/Effect-of-different-preparation-methods-of-MoO3/?tx_tibsearch_search%5Bsearchspace%5D=tn
https://www.tib.eu/en/search/id/ceaba%3ACEAB20131107542/Effect-of-different-preparation-methods-of-MoO3/?tx_tibsearch_search%5Bsearchspace%5D=tn
https://www.ncbi.nlm.nih.gov/pubmed/12240031
https://www.ncbi.nlm.nih.gov/pubmed/12240031
https://www.ncbi.nlm.nih.gov/pubmed/12240031
http://pubs.acs.org/doi/abs/10.1021/ef049879k
http://pubs.acs.org/doi/abs/10.1021/ef049879k
http://web.b.ebscohost.com/abstract?direct=true&profile=ehost&scope=site&authtype=crawler&jrnl=13377027&AN=116320810&h=oqCgq7R98csebkzPiaTge9OxMWTdxoQxoZaIEU9wmwSFLmsMlluhobCytqSZa2dx4yxBeXg4K5QUQUqytJS6Ag%3d%3d&crl=c&resultNs=AdminWebAuth&resultLocal=ErrC
http://web.b.ebscohost.com/abstract?direct=true&profile=ehost&scope=site&authtype=crawler&jrnl=13377027&AN=116320810&h=oqCgq7R98csebkzPiaTge9OxMWTdxoQxoZaIEU9wmwSFLmsMlluhobCytqSZa2dx4yxBeXg4K5QUQUqytJS6Ag%3d%3d&crl=c&resultNs=AdminWebAuth&resultLocal=ErrC
http://web.b.ebscohost.com/abstract?direct=true&profile=ehost&scope=site&authtype=crawler&jrnl=13377027&AN=116320810&h=oqCgq7R98csebkzPiaTge9OxMWTdxoQxoZaIEU9wmwSFLmsMlluhobCytqSZa2dx4yxBeXg4K5QUQUqytJS6Ag%3d%3d&crl=c&resultNs=AdminWebAuth&resultLocal=ErrC
http://web.b.ebscohost.com/abstract?direct=true&profile=ehost&scope=site&authtype=crawler&jrnl=13377027&AN=116320810&h=oqCgq7R98csebkzPiaTge9OxMWTdxoQxoZaIEU9wmwSFLmsMlluhobCytqSZa2dx4yxBeXg4K5QUQUqytJS6Ag%3d%3d&crl=c&resultNs=AdminWebAuth&resultLocal=ErrC
https://www.onepetro.org/journal-paper/SPE-58046-JPT
https://www.onepetro.org/journal-paper/SPE-58046-JPT
https://www.onepetro.org/journal-paper/SPE-58046-JPT
https://pdfs.semanticscholar.org/4aa5/d73c67c915b62cb3843b67031c249dc5e82f.pdf
https://pdfs.semanticscholar.org/4aa5/d73c67c915b62cb3843b67031c249dc5e82f.pdf
https://pdfs.semanticscholar.org/4aa5/d73c67c915b62cb3843b67031c249dc5e82f.pdf
https://www.onepetro.org/conference-paper/SPE-93307-MS
https://www.onepetro.org/conference-paper/SPE-93307-MS
https://www.onepetro.org/conference-paper/SPE-93307-MS
https://www.onepetro.org/conference-paper/SPE-93307-MS
https://www.onepetro.org/journal-paper/PETSOC-06-11-05
https://www.onepetro.org/journal-paper/PETSOC-06-11-05
https://www.onepetro.org/journal-paper/PETSOC-06-11-05
https://www.tib.eu/en/search/id/ceaba%3ACEAB1986285862/The-separation-potential-of-pervaporation-Part/?tx_tibsearch_search%5Bsearchspace%5D=tn
https://www.tib.eu/en/search/id/ceaba%3ACEAB1986285862/The-separation-potential-of-pervaporation-Part/?tx_tibsearch_search%5Bsearchspace%5D=tn
https://www.tib.eu/en/search/id/ceaba%3ACEAB1986285862/The-separation-potential-of-pervaporation-Part/?tx_tibsearch_search%5Bsearchspace%5D=tn
http://archive.wcponline.com/pdf/0804Srikanth.pdf
http://archive.wcponline.com/pdf/0804Srikanth.pdf
https://www.infona.pl/resource/bwmeta1.element.elsevier-a195bbcc-c382-3ea8-98c9-15b61c89e687
https://www.infona.pl/resource/bwmeta1.element.elsevier-a195bbcc-c382-3ea8-98c9-15b61c89e687
https://www.infona.pl/resource/bwmeta1.element.elsevier-a195bbcc-c382-3ea8-98c9-15b61c89e687

