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Abstract

The distillation towers of styrene monomer (SM) plants consume a considerable amount of expensive and toxic
2,4-dinitro-6-sec-butyl phenol (DNBP) as a polymerization retarder. The minimization of the operating cost, as well
as preventing environmental pollution, is highly desirable to maximize the profit and have a clean technology. However, it is not easy to predict the actual usage of DNBP in the tower because of the nonlinear behavior of the industrial
distillation tower in the polymerization process, and also the inaccuracy of experimental results of the DNBP in outlet
products. To overcome these difficulties, a prediction model for determining DNBP consumption using a hybrid model in which the ANN in combination with Particle Swarm Optimization (PSO) is proposed in this study. Moreover, all
useful parameters (9 parameters) in different years have been gathered from the industrial DCS system for training
ANN. After combining PSO with ANN, the main valid parameters have been filtered. From nine proposed settings,
five of them have been selected and used for predicting DNBP consumption in the SM plant. The obtained results
showed that the proposed ANN-PSO hybrid model is a powerful tool for predicting DNBP usage with an average
relative error of 9% between technical and calculated hybrid ANN-PSO model data.
Key words: DNBP, Artificial Neural Network, Particle Swarm Optimization, ANN-PSO Hybrid

INTRODUCTION

Styrene monomer is a main petrochemical product that
is used as a starter and base material for a variety of
polymer products, especially polystyrene. In addition,
styrene is generally prepared by the ethylbenzene
dehydrogenation method, but it is known that styrene
is easily self-polymerization in the processing of
production, particularly in the distillation processing.
For preventing and controlling polymerization, there
are two categories of compounds that are commonly
used. The first category is a sudden reaction compound,
widely known as an inhibitor. Nowadays, the most usual
applied retarders in the petrochemical industries are
nitrophenol-based products, and in particular, DNBP.
Tert butyl catechol (TBC) is an excellent inhibitor for
styrene monomers while it is stored but only useful in the
presence of oxygen. It is ineffective under the conditions
of manufacture and treatment of styrene and has several
specific inhibitors for use in these circumstances.

Furthermore, one of the most common compounds is
compound 1 and known as DNBP. Despite its widespread
use, the mechanism of DNBP action is unknown [1]. The
second category is much faster reacting and is sometimes
referred to as a real inhibitor. Also, the actual market
inhibitors are proprietary formulations that provide
polymer inhibition rates faster than DNBP. Styrene
construction usually uses DNBP as a preservative to
protect against styrene polymer formation. DNBP, also
known as a dinosaur, is highly toxic. The documented
risk posed by DNBP to people and the environment has
led regulators to incentivize action to limit its use [2].
ANN has been successfully implemented to solve
engineering and scientific problems in the areas of
adaptive control, pattern recognition, device vision,
image processing, process detection, process monitoring,
and nonlinear system identification [3]. ANN has
been applied in many fields for predicting the output.
Traditional approaches to solving chemical engineering
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problems often have their constraints, such as in the
modeling of extraordinarily complex and nonlinear systems.
Also, ANN can solve complex problems in several practical
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uses. There are several applications of ANN in chemical
engineering science [4]. The topics and a brief description of
them in relevant literature are introduced in Table 1.

Table 1 A summary of the neural network application in chemical engineering science.
No.

Studied topics

Description

year

Ref.

1

Adaptive neural network control for continuous stirred tank
reactor process

An adaptive neural network control algorithm
for a class of two continuous stirred tank reactors with unknown functions was proposed.

2013

[5]

2

Artificial neural network prediction of chemical oxygen
demand in the dairy industry effluent treated by electrocoagulation

An artificial neural network was constructed to
model chemical oxygen demand after electrocoagulation.

2014

[6]

3

Automatic startup of nuclear reactors using differential
neural networks

The nuclear plant considered as a black box is
identified by a differential neural network.

2007

[7]

4

Design and optimization of Artificial Neural Networks
for the modeling of superconducting magnets operation in
tokamak fusion reactors

Artificial neural networks (ANNs) for the evaluation of the heat load to the cryoplant were
proposed.

2016

[8]

5

Dynamic modeling of batch polymerization reactors via the
hybrid neural-network rate-function approach

The simulated verification and validation of the
hybrid neural-network rate-function (HNNRF)
approach for modeling batch reactor systems
were provided.

2007

[9]

6

Elaboration of a neural network system for semi-batch
reactor temperature control: an experimental study

A neural controller to regulate the temperature in a semi-batch pilot-plant reactor was
developed.

1996

[10]

7

Experimental investigation and artificial neural networks
(ANNs) modeling of electrically-enhanced membrane
bioreactor for wastewater treatment

A new configuration of an electrically-enhanced membrane bioreactor was introduced to
treat medium-strength wastewater.

2016

[11]

8

Hybrid first-principle–neural-network approach to model
the liquid-liquid reacting system

A detailed investigation was carried out to
check the ability of multilayer neural networks
to model the simultaneous mass transfer and
chemical reaction in the liquid-liquid reacting
system.

1999

[12]

9

Multi-stage modeling of a semi-batch polymerization reactor using artificial neural networks

Three different approaches for modeling a
semi-batch polymerization reactor using artificial neural networks (ANN) were studied.

1999

[13]

10

Neural network based nonlinear model predictive control
for an intensified continuous reactor

The intensified continuous reactor was designed to replace a conventional batch reactor
for three-phase catalytic slurry hydrogenation.

2015

[14]

11

On-line fault detection of a fuel rod temperature measurement sensor in a nuclear reactor core using ANNs

A detailed method for fault detection of an incore three-wire resistance temperature detector
(RTD) sensor was introduced.

2015

[15]

12

Performance improvement of artificial neural networks
designed for safety key parameters’ prediction in nuclear
research reactors

A new methodology of a suitable artificial
neural network architecture improving its
performances’ capabilities in predicting two
significant parameters in safety assessment was
found.

2009

[16]

13

State estimation by artificial neural networks in a continuous bioreactor

A neural network state observer to estimate
biomass, substrate, and methane in a continuous anaerobic reactor was proposed.

2013

[17]

14

Water-gas shift reaction in membrane reactors: Theoretical
investigation by artificial neural network model and experimental validation

A theoretical approach via artificial neural
networks model for studying the water gas
shift reaction in hydrogen-selective membrane
reactors was presented.

2015

[18]
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As shown in Table 1, ANN has been applied in different areas
of chemical engineering science, such as process control
(Nos.1, 6, and 10), chemical and biochemical reactors (Nos.
3, 4, 5, 7, 9, 11, 13, and 14), heat transfer (Nos. 4, 6, and 11),
Membrane process (Nos.7 and 14), chemical reactions (No.
14), and parameter prediction (Nos. 2 and 12).
In this study, the prediction of DNBP consumption in a
styrene monomer production plant was considered. For this
purpose, a hybrid ANN-PSO method for the identification
of useful parameters from goal parameters was proposed.
Then, the modified ANN as a black-box model was used for
modelling the separation section of a styrene monomer plant
and model predictions compared with technical data.

production. Furthermore, benzene alkylation with ethylene
is the main route for the industrial production of EB on a
large scale (Equation 1). The plant operates continuously and
uses two different reactors for alkylation and remobilization.
In the alkylation reactor, ethylene, in its liquid phase, goes
through almost a complete reaction accompanied by the
excess of benzene, which is essential to form EB [Eq. (1)]:

Materials And Methods

This process occurs at 220 to 255 degrees Celsius and 3.4
MPa. In addition, this reaction is exothermic that results
in low-temperature growth from a catalyst bed to one
after another [20]. That is why alkyd reactors are typically
equipped with moderate coolers to stay in full temperature.
Then ethylbenzene is used to produce low-grade polyethylene
benzene (PEB), as shown by Eqs. (2 and 3):
C6 H6+2C2 H4↔C6 H4-(C2 H5)2
(2)
benzene+2ethylene↔diethylbezene(DEB)
C6 H6+3C2 H4↔C6 H6-(C2 H5)3
(3)
benzene+3ethylene↔triethylbezene(TEB)
These primary side reactions are exothermic and generate
significant amounts of heat. PEB is separated from EB and
then converted to EB in the transalkyation reactor at 190220 ºC and 3- 3.5 MPa [20]. After alkylation reactions,
dehydration of EB is carried out to produce styrene as a
final product. A list of chemical reactions in the dehydration
process is shown in Table 2.

Styrene Monomer Production Process

Styrene is generally produced on a large scale by the catalytic
dehydrogenation of ethylbenzene (EB). Usually, optimized
design and operation of the styrene reactor are needed as
this equipment is essential in the styrene production process
[19]. Moreover, the EB dehydrogenation is an equilibrium,
exothermic, and reversible reaction. This reaction acts in
low-performance but is catalytically high-performance in
the presence of iron oxide and hot steam. In addition, it is
strongly related to temperature and pressure, and conditions
with high temperature and low pressure are favored [20].
The schematic and industrial block flow diagrams (BFD) of
ethylbenzene (EB) and SM plant are shown in Figure 1 a and
b, respectively.
According to this figure, ethylene and benzene as main
feeds of the EB unit enter into the alkylation reactor for EB

Fig 1 (a)The schematic and (b) an industrial (Monsanto/Lummus Crest styrene process [22]) block flow diagrams of EB and SM units.
Table 2 List of dehydration process reactions [21].
Number

Reaction

Chemical Equation No.

1

C6 H5 CH2 CH3→C6 H5 CHCH2+H2

(4)

2

C6 H5 CH2 CH3→C6 H6+C2 H4

(5)

3

C6 H5 CH2 CH3+H2→C6 H5 CH3+CH4

(6)

4

2H2 O+C2 H4→2CO+4H2

(7)

5

H2 O+CH4→CO+3H2

(8)

6

H2 O+CO→CO2+H2

(9)
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Crude styrene is a combination of many components such as
unreacted EB, benzene, toluene, tar, and styrene monomer as
the main products. Therefore, distillation in industrial styrene
plants was used to obtain pure styrene as a product. The
schematic diagram of an industrial styrene plant is shown in
Figure 1-b. As can be seen in this figure, styrene monomers,
recycled EB, benzene, toluene, gasoline, and tar are the
styrene separation part of the plant. The hot gas effluent from
the hydrogenation solution primarily comprises styrene,
hydrogen, reactive ethylbenzene, divinylbenzene, water ,
lower benzene content, toluene, methane, ethane, carbon
monoxide, carbon dioxide, and various polymer components.
Moreover, the effluent gas from the dehydrogenation reactor
may be tendentiously entered into a condenser wherein
styrene, unreacted EB, divinylbenzene, various polymeric
materials, and the aqueous compounds are condensed with
hydrogen, methane, ethane, carbon monoxide, carbon
dioxide, benzene, and toluene remaining in the gas phase.
As mentioned in Figure 1-b (Slow-reacting compound) and
Figure 2 (Fast reacting compound ), two methodologies of
polymer content control in styrene monomer plants are as
follows:
1- Slow-reacting compound, typically known as a retarder,
for example, DNBP.
DNBP is a reliable and economical means of protecting the
tower during an emergency shutdown. But DNBP is very
toxic. Because DNBP solubility in water is a potential hazard
to the environment. However, DNBP is initially sold as
herbicide, its use in agriculture has long been banned in the
United States and many other countries. While the risk of
exposure to DNBP in an industrial environment is less than
the rural environment, DNBP is not safe at all because the
LD50 is very low. Industrial accidents occur, and operators
and the situation in the proximity of the plant are always at
danger until DNBP is used. In recent years, the potential risks
of using DNBP in styrene have been highlighted in many
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countries. In addition, DNBP is also a significant generator
of NOx during burning. In a typical styrene plant, DNBP is
removed from the machine with heavy dough, and usually,
water flows as fuel. When the amount of fuel is recovered,
the combustion of the fungus containing DNBP produces a
significant amount of NOx. Up to a quarter of DNBP (by
weight) is converted to NOx when burned. Also, NOx is
an environmental pollutant, and in many countries, there
are NOx emission limitations in place. Therefore, with the
environmental problems mentioned above, the minimum and
proper use of DNBP can be one of the most critical challenges
in the styrene units.
2- Fast reacting compound, typically known as an inhibitor,
for example, Prism NALCO inhibitor.
To develop a new class of retarder, there are two main criteria.
First, it must be less toxic than DNBP and generate less
NOx when burned. Second, it should have similar polymer
control properties (reaction rate) as DNBP. To date, the only
product introduced to the market with these features is Prism
NALCO inhibitor.
In Figure 2, a schematic flow diagram of the styrene
purification section for the SM unit is shown. Raw styrene
from the reaction section enters the light tower of the
purification section first. Furthermore, this tower is designed
to remove ethylbenzene as well as water on the overhead,
leaving styrene and other heavy components in the bottom.
The lights tower feeds the product tower where styrene is
distilled overhead, leaving heavier compounds to exit from
the tower bottom. Before the DNBP retarder, the polymer
control program involved the use of DNBP retarder. In
addition, DNBP was injected into the reflux line of the lights
tower. The objective of this study was the prediction of
DNBP retarder value to reflux stream in styrene plant using a
hybrid ANN-PSO algorithm, while adequate polymer control
is being maintained both during regular operation and in case
of an emergency shutdown.

Fig. 2 DNBP retarder injection position in the studied styrene plant.
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Applied Hybrid Algorithm
ANN Algorithm
ANN now plays an essential role in modelling, controlling,
and optimizing polymerization processes. Moreover, ANNs
are one of the most accurate and widely used in forecasting
models. It has been shown that a network can approximate
each continuous function to any desired accuracy. Furthermore,
ANNs are nonlinear and non-parametric methods, unlike
traditional plans. However, they may be incomplete because the
primary mechanism is nonlinear. Real-world systems are often
nonlinear. In addition, ANNs are known as stable competition
for different polymerization models.
The use of local neural networks for applications where the
mechanistic description of the interdependence of dependent
and unknown variables is unknown or very complex has become
increasingly common. Also, they (i.e. local neural networks) are
now the most popular artificial learning tool with applications in
areas such as pattern recognition, classification, process control,
and optimization [22-29]
In the past decade, many articles have been reviewed by a
colleague who has published good results on the application of
ANNs in the literature. However, several studies with the ANN
were not performed because of weak predictions from the ANN.
These failures have led to criticism of the ANN's ability to cope
with a variety of different processes. To some extent, this criticism
is founded because although the ANNs have been known for
some time, they are still in the early stages of developing their
basic theory, and many improvements have been made to their
structure. Still, many trials of their applications failed because
the researchers don't try to use more than one layer hidden in the
ANN topology or don’t provide ANN with enough data to train.
Most articles on the use of local ANNs employed multilevel,
forward-facing, and fully interconnected understanding
networks. The reasons for using this type of ANN are its
simplicity, ease of programming, and excellent results. Because
this ANN is a universal function, it means that if the network
topology is allowed to change freely, it can form each broken
curve that shows the type of ANN.
PSO Algorithm
PSO is one of the most critical methods of swarm intelligence.
Use the velocity vector information alongside the best
local and global quality to update the current value of the
different parameters of each particle problem in the swarm.
It thus calculates the value of the optimization function for
each particle of congestion at the corresponding locations.
Accordingly, the velocity vector associated with each particle
is updated based on the historical background of each particle’s
problem parameters and inappropriate performance value.
This history stores the knowledge gained by each particle as
well as the congestion as a whole and conceptually displays
an autobiographical memory. In this manner, the misfitfunction estimation of every particle in the swarm is updated
by utilizing the social behavior of the swarm that adjusts to its
surroundings by returning to the promising location of solution
space by searching for desirable overtime performance values.
It can be used to solve a wide range of optimization
problems, such as unrestricted optimization problems,
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limited optimization problems, nonlinear programming as
in polymerization process, multi-objective optimization,
randomized scheduling, and combined optimization problems.
Moreover, PSO is presented in literature and is successful in
common applications. In Figure 3, the flow diagram of the
PSO algorithm is shown.
Hybrid ANN-PSO Algorithm
The prediction of chemical consumption in the polymerization
process plays a vital role in the planning of production and
petrochemical plants. The precision of the operating system,
which uses the accuracy of the prediction method, determines
the economic and environmental aspects of the polymerization
processes. Moreover, conventional methods, including time
series, regression analysis, or ARMA (Autoregressive Moving
Average) model, bring external inputs along with some
assumptions. The use of ANNs is an economical technique.
But their training, usually with a backward algorithm or other
slope algorithms, is shown with some defects such as very
slow convergence and easy recording at the local minimum.
In this study, a combination of an ANN with a particle swarm
optimization training algorithm for the development of
prediction accuracy is presented. Ultimately, according to the
experimental results, it is obvious that the proposed approach
can achieve better predictive performance.
Mathematical Modeling
Problem Formulation
According to Figure 1, the black box of the model in this
study is the separation section of an industrial styrene plant.
In addition, the separation section consists of two distillation
towers entitled light tower and styrene tower. In this study,
all nine valid parameters (decision variables) that have been
considered for modelling are related to styrene tower. These
nine parameters include:
•The mass feed flow rate to styrene tower,
•The temperature of input feed to styrene tower,
•The mass flow rate of the reflux stream to styrene tower,
•The flow rate of condensate from reboiler of styrene tower,
•Output temperature of the heat exchanger of styrene tower,
•The temperature of the bottom stream of styrene tower,
•The top pressure of styrene tower,
•The flow rate of the bottom stream of the styrene tower, and
•Polymer content of the bottom stream of styrene tower.
All values of these parameters have been gathered from the
DCS office of considered industrial styrene plant. The number
of these set data is equal to 1594. The final member of these
data set is the DNBP consumption value as a target value or
objective function. In Table 3, an example of the data used in
the modeling of the different sections is shown. In addition, the
modeling work of the system was done in three steps:
1) Data analysis,
2) Modeling of the system by using all data sets with ANN
tool,
3) Filtration, identification, and classification of all data sets in
two categories of effective and ineffective parameters by using
the PSO algorithm, and
4)Modeling the system by using new data sets with ANN tool.
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Fig. 3 Mathematical flowchart of the PSO algorithm.

No.

Feed flow rate (m3/h)

Feed Temperature
(0C)

Reflux flow rate
(m3/hr.)

Condensate flow rate
(Ton/h)

Output temperature of
H.E. (0C)

Bottom Temperature
(0C)

Top pressure
(mmHg)

Bottom flow rate
(m3/h)

Polymer content of
bottom (kg)

DNBP consumption
(kg)

Table 3 Example of the data used in the modeling.

1

17.03

56.32

80.1

13.78

104.01

120.27

325.28

10.09

22.3

12.41

2

16.75

62.76

80

13.93

103.08

120.31

325.03

10.64

23.6

13.09

3

17.33

61.81

80.4

14.32

102.32

120.31

325.14

10.25

22.3

12.61

4

17.79

63.05

80.46

14.17

99.32

120.74

324.98

11.2

24.8

13.78

5

17.33

63

79.09

14.18

98.37

120.75

325.68

10.8

23.9

16.83

6

17.24

63.34

79.26

14.29

96.98

120.66

324.92

10.72

22.0

14.42

7

17.96

62.98

76.75

14.14

96.72

120.89

324.96

11.5

25.0

12.26

8

18

62.04

80

14.13

97.88

120.89

324.94

11.56

27.0

12.65

9

17.75

62.24

80.2

14.01

97.79

120.97

324.2

12.47

27.1

15.54

10

17.6

62

80.5

13.97

97.73

120.85

325

12.37

27.2

15.57

Data Analysis
One of the main failures and breaks of ANNs in forecasting
problems is the inappropriate distribution of data and their low
accuracy. Therefore, the first step in this study was to examine
the quality of the data and how they were distributed. All these
analyses were performed by a statistical model of Excel software.
In Table 4, all important statistical indexes of all parameters have
been tabulated. Based on the results presented in Table 4, none
of the variables have a normal distribution and do not show the
same dispersion parameters concerning standard deviation and
variance. But it is worth mentioning that it is vital that each of
these variables was individually examined and the relationship
between them not established and investigated.
The Pearson correlation coefficient was used to analyze
each of the independent variables with the dependent
variable of DNBP consumption. This coefficient was used
to determine the relationship between the type and direction

of the relationship between the two distance or dependent
variables, or a distance variable and a relative variable. Several
computational equations can be defined to compute this
coefficient. The relationship used in this section to calculate
the correlation coefficient (R) using Excel software is:

R=

n ( ∑ xy ) − ( ∑ x )( ∑ y )
[ n ( ∑ x 2 ) − ( ∑ x ) 2 ][ n ( ∑ y 2 ) − ( ∑ y ) 2 ]

(10)

Eq. (10) is a calculation method using raw numbers and x and
y are random variables.
The Pearson correlation coefficient changes between -1 and
1. If the correlation coefficient is equal to one, it indicates
a direct correlation between the two variables; in addition,
a direct or positive relationship means that if one of the
variables increases (or decreases), the other also increases
(or decreases). The correlation coefficient of the negative one
also shows the existence of a complete inverse relationship
between the two variables.
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Index Topic

Feed flow rate
(m3/h)

Feed Temperature (0C)

Reflux flow
rate (m3/hr.)

Condensate
flow rate
(Ton/h)

Output temperature of H.E. (0C)

Bottom Temperature (0C)

Top pressure
(mmHg)

Bottom flow
rate (m3/h)

Polymer content
of bottom (kg)

DNBP
consumption
(kg)

Table 4 Data analysis results of all parameters.

Standard Deviation

2.45

4.41

5.87

0.97

5.4

3.92

47.55

1.83

12.33

5.9

Variance

6.02

19.44

34.41

0.94

29.19

15.33

2260.97

3.36

151.95

34.86

Variation range

10.34

34.8

20.47

5.42

24.64

17.18

175.73

15.72

88.56

39.08

Variation coefficient

0.138

0.07

0.085

0.072

0.06

0.034

0.234

0.14

0.427

0.746

Skewness

-1.014

-1.06

0.443

0.4

0.617

0.264

1.098

-1.65

1.708

1.607

Kurtosis

-0.13

2.5

-1.15

-0.83

-0.67

-1.00

-0.163

2.94

5.429

2.43

Min.

11.27

44.14

60.03

11.58

80.24

107.23

149.95

5.23

0.98

0.38

Max.

21.61

78.94

80.50

17.00

104.88

124.41

325.68

20.95

89.54

39.45

Mean

17.79

65.22

68.78

13.36

89.31

114.61

202.85

13.24

28.87

7.92

Median

18.71

65.56

66.05

13.00

86.52

113.49

175.01

13.80

28.33

5.68

The inverse or negative relationship shows that if one
variable increases, another variable decreases and vice versa.
A correlation coefficient equal to zero indicates that there is
no linear relationship between the two variables. Therefore,
based on the variable pairs, one is always a dependent
variable, and the other is an independent variable. Also, the
results are presented in Table 5.
Based on the results of statistical analysis in Excel software,
it has been found out that almost all selected parameters as
independent variables have a direct or reverse relationship
with dependent variables. However, it should be noted that
some of these variables are correlated with a high correlation
coefficient, such as 0.65 in the condensate flow rate, and the
others are correlated with a low correlation coefficient of
0.047, which is related to the polymer content of the bottom

with a dependent variable. But the point of subscription of
all variables is direct dependence and a robust linear image
with the use of DNBP, and it confirms the necessity of using
nonlinear methods such as NNs, which is the purpose of this
research. The leading cause of the strong linear non-dependence
between independent variables depends on many factors such
as the non-linearity of the styrene unit process, the diversity
of data, the lack of uniformity of data dispersion, different
measurement methods, the lack of on-line data storage,
measurement error, and the unmatched variables; moreover,
there are several other factors. Hence, all computations will
be based on the use of the NN toolkit in MATLAB software
to provide more genuine relationships to predict the behavior
between independent and dependent variables.

Table 5 Results of Pearson Correlation Coefficients.
No.

Independent variable

Dependent variable

Pearson correlation coefficient

1

Feed flow rate (m3/h)

DNBP consumption

0.255

2

Feed Temperature (°C)

DNBP consumption

0.31

3

Reflux flow rate (m3/h)

DNBP consumption

0.424

4

Condensate flow rate (Ton/h)

DNBP consumption

0.65

5

Output temperature of H.E. (°C)

DNBP consumption

0.474

6

Bottom Temperature (°C)

DNBP consumption

0.623

7

Top pressure (mm Hg)

DNBP consumption

0.306

8

Bottom flow rate (m3/h)

DNBP consumption

-0.327

9

Polymer content of bottom (kg)

DNBP consumption

-0.0407
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Elementary ANN Model
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Furthermore, the data were split into three subsets: training,
validation, and test set. Splitting samples play an important
role in the evaluation of an ANN performance. The training
set is used to estimate the model parameters, and the test set
is used to check the generalization ability of the model. In
this study, 1594 data were gathered from the DCS system.
The training, validation, and test sets include 1116 data (75%
of complete data), 239 data (15% of total data), and 239 data
(15% of total data), respectively.
The results of the regression between network outputs and
validation and training data sets and test objectives are presented in Figure 5. It can be observed that the output tracks
the targets well. The correlation coefficient (R) measures
the correlation between outputs and objectives. R-value of
1 means a close link and 0 a random relationship. As shown
in Figure 5, the correlation coefficient between all independent variables and the dependent variable is about 0.87. Regarding the results obtained in the previous sections, there is
a better correlation between the variables compared to the
separation mode. The reason for this relationship can be the
relation between independent variables (according to Table
5) to predict the behaviour of the dependent variable (DNBP
consumption). The performance curves of the ten hidden
neurons are shown in Figure 6.

In recent years, the concept of NNs has gained wide
popularity in many fields of chemical engineering, such
as dynamic modeling of chemical processes, design of
catalysts, modelling of chemical reactors, and modeling
of the complex chemical process [30]. In this research, to
simulate the distillation tower of the styrene monomer plant
and predict the DNBP retarder consumption, the arrays of
appropriate nine-layer neural networks were designed with
a different number of hidden layer neurons and network
training algorithms. The network includes nine input layers
that provide input data to the network, ten hidden layers and
an output layer that represents network response (Figure 4).
The functional requirements of ANN governed the number of
input and output nodes. A sigmoid transfer function was used
for the hidden layer, and output transfer function was a linear
function. The system was trained by using a backpropagation
neural network (BPNN), and the Levenberg-Marquart
method was used as a training algorithm in all modeling
cases.
Training designed ANN was performed using DCS results
of industrial styrene plant in changes of independent variables. Since the applied transfer function of hidden layers is
sigmoid, all input vectors in the interval [0, 1] were scaled.

Fig 4 Final proposed neural network scheme.
Table 6 The effect of hidden layer numbers on ANN performance.
Number of hidden layers

5

10

15

20

100

Training No. Sample

1116

1116

1116

1116

1116

Validation No. Sample

239

239

239

239

239

Testing No. Sample

239

239

239

239

239

Training MSE

8.6

8.76

9.43

7.3

4

Validation MSE

9.5

8.2

8.34

11.8

15.67

Testing MSE

8.2

9.27

9.4

9.7

30.28

Training R

0.88

0.88

0.88

0.9

0.94

Validation R

0.87

0.89

0.86

0.84

0.81

Testing R

0.86

0.86

0.86

0.71

0.66

All R

0.88

0.86

0.87

0.88

0.87
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Fig. 5 The results of ANN for modeling DNBP consumption.

Fig 6 BPNN performance for 10 hidden neurons.

Results And Discussion

A Hybrid ANN and PSO Model

One of the most critical parameters in the performance
and accuracy of NNs is the number of hidden layers in the
network. Therefore, in this section, the effect of the number
of ANN hidden layers on the correlation coefficient and
mean squared error was investigated. Also, the number of
hidden layers were considered in five levels (5, 10, 15, 20,
and 100). The results in Table 6 show no considerable effect
on the correlation coefficient, and the range of changes is
about 0.86-0.88. Because the value of this coefficient is less
than 0.97, it is not possible to conclude that when different
parameters can be considered for the network performance,
this growth factor is significant.

As seen in the previous section, the maximum correlation
coefficient between independent variables (9 variables)
and the dependent variable (DNBP consumption) was
0.88. Various factors which can be the reason for this weak
prediction are as follows:
1) inappropriate distribution of data,
2) measurement errors in the data,
3) severe operational changes during product production,
4) malfunctioning of the mathematical method,
5) the inability of some parameters, and
6) other factors.
Some of these factors can be corrected such as 1, 4, and 5.
By drawing a bar chart of data and calculating the minimum,
maximum, and average values, some out of range and
unconventional data were deleted, and the data list was updated.
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Table 7 Information on hybrid PSO-ANN model.

In the first iteration of hybrid of PSO-ANN, index and g
best matrix have the same values in all elements equal 2
and 1, respectively. After five iterations and calculations of
the correlation coefficient at each step, final results were
calculated. All output results of hybrid PSO-ANN are
presented in Table 8.
As shown in Table 8, after five iterations, the correlation coefficient gained 0.998 value, and this value is desirable. But
as previously mentioned, the goal of this algorithm is to identify variables that are effective on DNBP consumption. Also,
index matrix showed that from all nine variables, only five
of them had a considerable effect on DNBP consumption.
All indexes and variable topics that were effective in DNBP
consumption and mentioned in Table 8 are given in Table 9.
In the next step of modeling, these five data sets have been
considered for training, validation, and testing the modified
Neural Network model.

PSO input data
Particle size

10

Number of parameters

9

epoch

5

c1: learning factor

1.4047

c2: learning factor

1.494
ANN input data

ANN type

generalized regression neural
network

spread

0.01

Number of layers

2

Transfer function of first
layer

radial basis

Transfer function of second layer

purelin
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After that, for identification of the main useful variables,
a hybrid model of PSO and ANN was applied. The model
was proposed to generate an index matrix, based on a
feed-forward ANN optimized by PSO. Moreover, this
optimization algorithm was employed for the identification
of effective variables on the training performance of ANN. In
this matrix, the number 1 means the effect, and zero means
that the variable does not affect the target function. In Table
7, all information about hybrid has been tabulated.

Modified ANN Model
After filtration of all data by using a hybrid PSO-ANN algorithm and removal of four data sets, the modified ANN
scheme has been demonstrated in Figure 7. In modified ANN,
in addition to the change in data, there is another fundamental change in the choice of the type of NN. As mentioned previously, a generalized regression NN method was used, while
in the new state, the radial basis network was used.

Table 8 Final results of hybrid PSO-ANN.
Iteration = 1

Correlation coefficient = 9.541404e-17

Iteration = 2

Correlation coefficient = 9.975786e-01

Iteration = 3

Correlation coefficient = 9.987276e-01

Iteration = 4

Correlation coefficient = 9.987276e-01

Iteration = 5

Correlation coefficient = 9.987276e-01

gbest

]0.88

0.165

0.452

0.707

0.435

0.0965

0.623

0.043

0.815[

pbest

]0.576

0.569

0.435

0.826

0.0914

0.488

0.587

0.246

0.926[

index

]1 1 0 0 1 0 1 0 1[

Table 9 All indexes’ matrix and variable topics that are effective on DNBP consumption.
index

1

0

1

0

1

0

0

1

1

Variable
topic

Feed
flow
rate

Feed Temperature

Reflux
flow
rate

Condensate
flow rate

Output
temperature
.of H.E

Bottom Temperature

Top pressure

Bottom
flow
rate

Polymer
content of
bottom

Fig 7 Final proposed modified neural network scheme.
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Description of the function in MATLAB is as follows:
net = newrb (P, T, goal, spread, MN, DF) takes two of these
arguments,
P: R-by-Q matrix of Q input vectors
T: S-by-Q matrix of Q target class vectors
Goal: Mean squared error goal (default = 0.0)
Spread: Spread of radial basis functions (default = 1.0)
MN: Maximum number of neurons (default is Q)
DF: Number of neurons to add between displays (default =
25)
In this study, the newrb function is used with the default
setting. After 550 iterations, the mean squared error (MSE)
goal reached to zero value. All of the data used in this model
are similar to the previous ones, and the data classifications
for training and testing were similar. In Figure 8, the
performance of a radial basis network model in the training
step is shown. As noted above, because of the default settings

Journal of Petroleum Science and Technology 10 (2020) 7-19

of the function used, MSE as the main performance feature
was zero after 550 iterations, and this result shows that the
training is very appropriate with the modified data.
Similar to the previous states in the study of neural networks,
the best indicator in the investigation of the strength and
accuracy of the method is to examine the outputs for testing
data. According to the obtained results, it was found out that
data prediction of new ANN was nearer to actual industrial
data. All results of them have been tabulated in Table 10.
According to this table, maximum, minimum, and average
relative error (R.E.) is 21% (for 21st dataset), 0% (for 192nd
dataset), and 9%. That is value acceptable for an industrial
styrene monomer plant as part of a nonlinear polymerization
process. It is noted that, according to the calculated index
matrix by hybrid PSO-ANN, sufficient value was used for
modeling and represented in Table 10.

Fig 8 Performance diagram of the radial basis network.
Table 9 Final information and results of modified ANN.
Minimum of absolute error

0%

Maximum of absolute error

21%

Average of absolute error

9%

Sample data of testing step of ANN from 239 dataset.
Output temperature
of H.E. (°C)

Bottom flow
rate
(m3/h)

Polymer content
of bottom (kg)

DNBP consumption
(DCS) (kg)

DNBP
consumption
(ANN) Industrial data

Relative error
(%) Calculated
data

19.13

80.2

97.44

15.2

42.4

17.08

19.40

14%

63

20.02

79.63

96.96

14.16

34.8

11.32

16.91

21%

91

17.49

79.44

97.09

12

25.6

17.71

17.71

6%

110

19.1

76.14

98.43

14.3

31.7

15.24

22.37

2%

Feed flow rate
(m3/h)

1

Data No.

Reflux flow rate
(m3/h)

th

143

18.5

80

97.76

13.15

27.0

18.33

20.69

13%

160

19.67

76.2

97.24

14.78

24.2

18.42

21.52

17%

186

18.35

76.6

97.47

14.83

32.2

18.42

19.16

4%

192

18.97

64.42

86.8

8.97

17.3

18.57

18.57

0%

205

19.14

77.76

97.15

13.73

33.2

18.58

18.25

2%

231

19.99

63.52

92.51

12.29

20.2

16.48

19.04

16%
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Conclusions
In this study, three scenarios were considered as follows:
a) Modeling all data by using a general neural network model,
b) Modeling all data by hybrid PSO-ANN model, and
c) Modeling selected data by radial basis network.
In the first model, all industrial data were used for modelling
the distillation tower of the styrene monomer plant. The goal
of the modelling was to predict DNBP retarder consumption
in this tower. Nine parameters noticed as active variables on
DNBP retarder consumption. These parameters included:
feed flow rate, feed temperature, reflux flow rate, condensate
flow rate, output temperature of heat exchanger (H.E.),
bottom temperature, top pressure, bottom flow rate, and
polymer content of bottom.
Results showed the correlation coefficient between all
independent variables, and the dependent variable was about
0.87. This value was an inadequate amount (<0.99) but
indicated the direct relationship between the independent
variables and the dependent variable. Various factors can
be the reason for this weak prediction. In addition, one of
the main causes of such behavior is the inability of some
parameters to be recognized. The best solution to this
problem was to examine the impact of the variables on the
objective parameters to remove the ineffective variables
from the data set. For this study, a hybrid PSO-ANN
methodology was applied. By using this algorithm, valid
parameters were identified. Among the nine variables, only
five of these features such as feed flow rate, reflux flow rate,
output temperature of H.E., bottom flow rate, and polymer
content of bottom were included. For reporting a logical
relation between competent and independent variables (five
variables) with the goal and dependent variable, modified
ANN (newrb function used with default setting) was used.
The testing step output of ANN showed that maximum,
minimum, and average relative error (R.E.) between actual
and calculated data was 21% (21st dataset), 0% (192nd
dataset), and 9%, respectively. In addition, the obtained
relative error was acceptable value for an industrial styrene
monomer plant as part of a nonlinear polymerization
process.
Ultimately, the final results indicated that the proposed
hybrid ANN-PSO method for the identification of valid
parameters from goal parameters, followed by the
application of modified ANN for modeling separation
section of the styrene monomer plant, were acceptable
ideas. Moreover, the results showed that the average relative
error between technical data and calculated data of this new
model was 9%.
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