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ABSTRACT: Continuous polymerization processes have
advantages when large amounts of product are required;
moreover, higher quality can be obtained because of the
elimination of variability between batches. Tubular reactors
are economically attractive because of their simple geometry
and high heat exchange area; however, they are not com-
monly used for commercial purposes, mainly because of the
large radial profiles. This study elucidates the operation of
this kind of reactors in three different ways: first a detailed
two-dimensional mathematical model was developed, in
which a complete visualization of all axial and radial profiles
is possible, allowing a safe analysis at different operating
conditions. In a second step a system composed of a contin-
uously stirred tank reactor in series with a tubular reactor
was used. A reduction in radial profiles can be clearly ob-
served when prepolymerization is taken into account, im-

proving both the homogeneity and the end properties of the
polymer. In a third approach neural networks (NNs) were
used in parallel with a one-dimensional model. The objec-
tive of this study was to illustrate how NNs can improve the
prediction capability when it is not possible to build a reli-
able model because of uncertainties in parameters and in-
complete knowledge of the system. The NNs generated
good results, showing that the hybrid model was able to
accurately simulate the reactor, even when uncertainty in
kinetic and diffusional parameters was imposed to the
model. © 2003 Wiley Periodicals, Inc. J Appl Polym Sci 91: 871–882,
2004
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INTRODUCTION

Continuous polymerization processes offer economic
advantages when large amounts of polymer are pro-
duced or when slight variations in polymer grade are
required. In addition, they are able to provide a higher
quality polymer because of the elimination of variabil-
ity between batches.1 Tubular reactors are economi-
cally attractive because their simple shape lowers
fixed and operating costs. The large surface area for
heat exchange is particularly advantageous for poly-
merization reactions because of their high exothermic-
ity. In spite of these advantages, tubular reactors are
not commonly used for commercial production of
polymers mainly because of the large radial gradients
inside the reactor at high conversions. These gradients
broaden the residence time distribution of the chains,

resulting in a polymer with heterogeneous properties.
An alternative to overcome these disadvantages is to
carry out monomer prepolymerization before feeding
the tubular reactor.2,3 Therefore, a continuous two-
stage polymerization system, composed of a continu-
ously stirred tank reactor (CSTR, where monomer pre-
polymerization takes place) associated in series with a
tubular reactor (to carry out the reaction until high
conversions), offers special advantages, such as high
production capability and polymer quality enhance-
ment.

The study presented in this article is concerned with
the mathematical modeling and numerical simulation
of a solution polymerization reaction carried out in a
continuous two-stage system composed of a CSTR in
series with a tubular reactor. Taking into account the
physicochemical characterization of the polymer, phe-
nomenological models were developed for each one of
the reactors, and the effects of prepolymerization on
the behavior of the tubular reactor and polymer prop-
erties were analyzed. The influence of temperature,
solvent, and initiator concentration on the behavior of
the tubular reactor was also studied.
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Modeling of polymerization processes is limited
by the lack of sufficient knowledge of the kinetics
and transport phenomena of these reaction systems.
Moreover, the difficulty in expressing these phe-
nomena through mathematical equations and the
large number of diffusional and kinetic parameters
that should be estimated have also been a hindrance
to the development of accurate polymerization
models. An alternative for supplying process
knowledge and simplifying the mathematical solu-
tion of these models is the application of artificial
intelligence techniques such as neural networks (hy-
brid modeling).

In the area of chemical engineering, neural net-
works can be used for failure diagnosis in industrial
plants, dynamic and steady-state modeling,4–8 pro-
cess parameter estimation,9 identification systems,10

processes control,11 sensor data and composition anal-
ysis,12 quality product prediction,13 optimization,14–17

and process analysis,18 among other uses.
Hybrid models can be developed by applying neu-

ral networks in series (parameter estimation) or in
parallel (process parameter correction) with the phe-
nomenological model. In the latter architecture, the
neural network and the phenomenological model out-
put are combined to establish a global output for the
hybrid model. In this case, the neural network is
trained with the difference between experimental data
and phenomenological model results, which compen-
sates for any uncertainties regarding these complex
processes.

This article also covers the development of a hybrid
model with neural networks (in parallel) to accurately
simulate the continuous two-stage polymerization
system mentioned before, even when the determinis-
tic model is not sufficiently precise because of uncer-
tainties regarding the parameters of the model. The
aim of this hybrid modeling is to illustrate the power
of this computational tool in enhancing the predictive
capability of pure phenomenological models for poly-
merization systems.

REACTION SYSTEM AND KINETIC
MECHANISM

The continuous reaction system considered in this
study is composed of a stirred tank reactor (where
prepolymerization takes place) in series with a tubular
reactor to carry out the reaction until high conver-
sions, according to Figure 1.

Styrene solution (toluene) polymerization by free
radicals, initiated chemically by 2�2-azobisisobuty-
ronitrile (AIBN), was chosen as the case study, specif-
ically because of the great availability of kinetic data in
literature. The kinetic mechanism assumes the follow-
ing reaction steps:

Chemical initiation

I ¡
kd

2R �

R � � M ¡
ki

P1
�

kd � 1.0533 � 1015exp� � 15488.33
T � (1)

(reported by Souroush and Kravaris19).

Thermal initiation

3MO¡
�kti

2P1
�

kti � 1.99 � 106exp� � 14842
T � (2)

(reported by Cutter and Drexler20).

Figure 1 Schematic of a continuous two-stage reaction system.
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Propagation

Pn
� � M ¡

kp

Pn�1
�

kp � 1.051 � 107exp� � 3577
T � (3)

(reported by Hui and Hamielec21).

Chain transfer to monomer

Pn
� � MO¡

ktrm

Dn � M �

M � � MO¡
k�trm

P1
�

ktrm � 2.31 � 106exp� � 6377
T � (4)

(reported by Husain and Hamielec22).

Chain transfer to solvent

Pn
� � SO¡

ktrs

Dn � S �

S � � MO¡
k�trs

P1
�

ktrs � �5.0 � 10�5�kp (5)

(reported by Kricheldorf23).

Termination by combination

Pn
� � Pm

� O¡
ktc

Dn�m

ktc � 1.255 � 109exp� � 844
T � (6)

(reported by Hui and Hamielec21).
Assuming that reaction rates are independent of

chain length (long-chain hypothesis) and that chain
life time is short enough (quasi-steady-state assump-
tion), a constant value can be assumed for the increas-
ing polymer chain concentration during the reaction:

�P � � � �2fkdCi � 2ktiCm
3

ktc
� 0.5

(7)

Dependency of diffusion on termination and prop-
agation rates (gel and glass effects, respectively) are
also included in the kinetic mechanism considered in
this model. Typical empirical21,24 and semiempirical25

correlations were utilized to express the diffusional
limitations, and a comparison between these correla-
tions was made. Variation in initiator efficiency (cage
effect) attributed to diffusional limitations was not
included in the model because solution polymeriza-
tion is considered. The AIBN efficiency factor was
maintained constant at 0.58 throughout the reac-
tion.19,26

MATHEMATICAL MODEL AND NUMERICAL
SIMULATION

Deterministic model

According to Lynn and Huff,2 and Husain and Hami-
elec,3 the use of a CSTR to carry out monomer prepo-
lymerization produces less-pronounced radial gradi-
ents inside tubular reactors, providing polymers with
more homogeneous properties. The present work
evaluates and compares the behavior of continuous
single (tubular reactor only) and two-stage (CSTR in
series with a tubular reactor) polymerization systems
through numerical simulation showing three-dimen-
sional graphs for important variables of the system.

The CSTR (prepolymerization) mathematical model
uses the steady-state operation, isothermal system,
and perfect mixing hypothesis. Because of the steady-
state assumption, a set of nonlinear algebraic equa-
tions was obtained. The CSTR model was numerically
solved using Newton’s method.

For the tubular reactor, two mathematical models
were elaborated with different purposes in mind, one
of which is a simplified model (one-dimensional), de-
veloped to study the general profiles obtained for the
main process variables when different initiators are
used to chemically initiate styrene solution polymer-
ization. The impact of using different correlations to
express diffusional limitations is also analyzed with
this model.

This phenomenological model assumes plug flow
throughout the reactor [constant axial velocity in all
radial directions (PFR model)] and estimates only ax-
ial variations in the process variables. Steady-state
operation, a nonisothermal system, and negligible ax-
ial and radial diffusion were also assumed. The plug
flow assumption reduces mass, energy, and polymer
moments balances (for dead chains) to a set of nonlin-
ear first-order ordinary differential equations, which
was numerically solved using the Runge–Kutta–Gill
method. The equations obtained from mass and poly-
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mer moments balances have the generic form pre-
sented below. Live polymer moments equations are
exactly the same as those obtained in the realistic
(two-dimensional) approach [eqs. (14)–(16)].

d�

dZ � R�

A�

Q (8)

where � is a generic variable that can represent Cm, Ci,
Cs, �0, �1, or �2.

The energy balance equation is shown below:

dT
dZ �

��Hkp�P � �Cm��Di
2 � 2

� h�Di�T � Tc��
QCp

(9)

The second mathematical model for the tubular re-
actor assumes a more realistic situation, in which ra-
dial and axial gradients are taken into account. The
two-dimensional model was developed mainly to an-
alyze the influence of prepolymerization on radial
gradients inside the tubular reactor. This realistic
model assumes that axial velocity changes with radial
direction, producing axial and radial profiles in the
tubular reactor. Steady-state operation, a nonisother-
mal system, heat and mass radial diffusion, and mo-
lecular diffusion according to Fick’s law were as-
sumed in the realistic modeling. Variation in viscous
heat dissipation, radial velocity, radial pressure gradi-
ent, and angular parameters were assumed to be neg-
ligible. These assumptions resulted in a set of nonlin-
ear second-order partial differential equations com-
posed of mass, energy, and polymer moments (for live
and dead chains) balances. The equations obtained
from mass balances are shown below.

Monomer consumption

	Cm

	Z �

�D�	2Cm

	r2 �
1
r

	Cm

	r � � RCm�
Vz

(10)

RCm � 2fkdCi � kp�P � �Cm � 3ktiCm
3

� 2ktrm�P � �Cm � ktrs�P � �Cs (11)

Initiator consumption

	Ci

	Z �

�D�	2Ci

	r2 �
1
r

	Ci

	r � � kdCi�
Vz

(12)

Solvent consumption

	Cs

	Z �

�D�	2Cs

	r2 �
1
r

	Cs

	r � � ktrsCs�P � ��
Vz

(13)

The equations obtained from polymer moments bal-
ances (for live and dead chains) are presented below:

Zeroth moment for live polymer chains


0 � �2fkdCi � 2ktiCm
3

ktc
� 1/2

(14)

First moment for live polymer chains


1 �
2fkdCi � 2ktiCm

3 � 
0�kpCm � ktrmCm � ktrsCs�

ktrmCm � ktrsCs � ktc
0
(15)

Second moment for live polymer chains


2 �

2fkdCi � 2ktiCm
3 � kpCm�2
1 � 
0�

� 
0�ktrmCm � ktrsCs

ktrmCm � ktrsCs � ktc
0
(16)

Zeroth moment for dead polymer chains

	�0

	Z

�

�D�	2�0

	r2 �
1
r

	�0

	r � � ktrmCm
0 � ktrsCs
0 �
1
2 ktc
0

2�
Vz

(17)

First moment for dead polymer chains

	�1

	Z

�

�D�	2�1

	r2 �
1
r

	�1

	r � � ktrmCm
1 � ktrsCs
1 � ktc
0
1�
Vz

(18)

Second moment for dead polymer chains

	�2

	Z �

�D�	2�2

	r2 �
1
r

	�2

	r � � ktrmCm
2

� ktrsCs
2 � ktc�
0
2 � 
1
2��

Vz
(19)
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Because of reactor symmetry, the same boundary con-
ditions associated with mass and polymer moments
balances were applied at the center of the reactor and
at the reactor wall:

	�

	r � 0 �r � 0 and r � R� (20)

From the energy balance, the following partial differ-
ential equation was obtained to take into account the
heat transfer throughout the tubular reactor:

	T
	Z �

� k
�Cp �	2T

	r2 �
1
r

	T
	r � �

�H
�Cp kpCm�P � ��

Vz
(21)

Symmetry in the heat radial profiles was consid-
ered:

r � 0 3
	T
	r � 0 (22)

At the reactor wall, the conductive heat transfer was
assumed to be equal to the convective heat transfer.
The cooling fluid temperature was maintained at a
constant value throughout the reactor (equal to the
initial polymerization temperature).

r � R 3
	T
	r � �

h
k �T � Tc� (23)

Applying the hypothesis mentioned previously to
the continuity (mass conservation) and Navier–Stokes
equations, the following equation for momentum bal-
ance was generated:

	P
	Z �

1
r

	

	r ��r
	Vz

	r � (24)

By twice integrating analytically eq. (24) from reactor
wall (r 	 R) to any position inside the tubular reactor
toward the center of the reactor (r 	 r), the following
expression for the axial velocity was obtained:

Vz � �	P
	Z� 1

2 �
R

r r
�

dr (25)

To guarantee a constant mass flux across the tubular
reactor, the following equation was introduced into
the momentum balance:

Q � �
0

2� �
0

R

�Vzr dr d� (26)

Substitution of eq. (26) into eq. (25) provides an equa-
tion for pressure drop throughout the tubular reactor:

�	P
	Z� � �

Q

� �
0

R

�r �
R

r r
�

dr dr

(27)

Finally, by substituting the pressure drop equation
[eq. (27)] into eq. (25), an expression to estimate the
axial velocity applicable to any position in the radial
direction throughout the tubular reactor was obtained:

Vz � �

Q
2 �

R

r r
�

dr

� �
0

R

�r �
R

r r
�

dr dr

(28)

The symmetry at the center of the reactor and no
axial flow at the reactor wall led to the following
boundary conditions:

r � 0 3
	Vz

	r � 0 (29)

r � R 3 Vz � 0 (30)

The integral terms in eqs. (27) and (28) were solved
numerically using Simpson’s rule.

The numerical solution of the realistic (two-dimen-
sional) model was obtained in two steps. The first one
constitutes radial term discretization, which reduces
the system of partial differential equations into a set of
ordinary differential equations n times greater than
the original system, where n is the number of discreti-
zation points in the radial direction. The orthogonal
collocation method was applied for this purpose,
changing dimensionless radial derivatives into linear
algebraic equations, according to the following equa-
tions:

	�

	�
� �

i	1

n�1

Aij�i (31)

	2�

	�2 � �
i	1

n�1

Bij�i (32)

This discretization technique was also applied under
the boundary conditions at the reactor wall (n � 1
position) to make feasible numerical solution of the
resulting system of ordinary differential equations.
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After radial derivative discretization, the nonlinear
system of ordinary differential equations obtained
was numerically integrated through an implicit inte-
gration method (the Adams–Moulton method). The
most important characteristic of this implicit integra-
tion method is its capability to overcome stiffness
problems, frequently reported in modeling and simu-
lation studies on polymerization systems.27–29

Because of the strong dependency of the properties
of polymeric materials on their molecular weight dis-
tributions (MWD), mathematical modeling of these
statistical curves becomes an important tool when po-
lymerization systems are simulated. MWD curves are
histograms that describe overall properties of polymer
chains as a function of a given variable. Histograms
that represent the distribution of macromolecules
(number and weight) as a function of the number of
monomer units in their chains are the most important
histograms related to polymer properties.

Different methods to estimate MWD curves are
available in the literature. In the present study the
method of moments was applied to build the polymer
physicochemical characterization model, so that num-
ber- and weight-average molecular weights of the
polymer and polydispersity index can be predicted.

Usually, the first three moments (zeroth-, first-, and
second-order) are enough to describe a polymer.
High-order moments are difficult to obtain and are not
always useful for describing a given polymer property.30

The kth moment of live polymer chains is described
according to the following equation:


k � �
n	1




nk�Pn
� � (33)

The kth moment of dead polymer chains is described
by the following equation:

�k � �
n	1




nk�Dn� (34)

Through the relationship among the zeroth-, first-,
and second-order moments of live and dead polymer
chains, the number-average (Mn) and weight-average
molecular weight (Mw) can be written as follows:

Mn �
�1 � 
1

�0 � 
0
PM (35)

Mw �
�2 � 
2

�1 � 
1
PM (36)

Because live polymer moments are extremely small,
they are normally omitted from polymer average mo-

lecular weight calculations [eqs. (35) and (36)]. Thus
the term �1/�0 represents the average number of
monomer units in the polymer chains and the term
�2/�1 represents the weight-average number of
monomer units in the polymer chains.

The polydispersity index (PI), which is an average
value referring to the MWD curve breadth, is calcu-
lated from the ratio between the weight- and number-
average molecular weights of the polymer:

PI �
Mw

Mn

�
�2�0

�1
2 (37)

Hybrid model

The hybrid model proposed in this article uses an
artificial neural network in parallel with the phenom-
enological model of the tubular reactor. Neural net-
work outputs are added to the simulation results ob-
tained for the tubular reactor to enhance the predic-
tion capability of its phenomenological model. The
exit conditions for the CSTR model are used to pro-
vide the input data for the hybrid model.

In this model structure, the neural network is re-
sponsible for estimating deviations between the phe-
nomenological model predictions and reliable data
(e.g., experimental data or data obtained from a pilot
or industrial plant).

For the phenomenological model, the one-dimen-
sional model was used. The plug flow assumption
mimics the lack of detailed knowledge of process rhe-
ology and, consequently, the transport phenomena
related to it. To mimic a case for which not enough
knowledge of the polymerization process is available,
the kinetics were also simplified in this one-dimen-
sional model. Chain transfer to solvent and monomer
were not considered, no correlations for gel and glass
effect were used, and an initiator efficiency of 100% ( f
	 1.0) was assumed. The main purpose of this simpli-
fication is to mimic a real situation in which not
enough information about the polymerization system
is available.

The training data used in the learning step consti-
tute deviations between the results obtained with this
simplified tubular reactor model and experimental
data. Therefore for a given operating condition, the
trained neural network provides deviations that
should be added to the simplified model results (Fig.
2) to enhance its prediction capabilities.

The artificial neural network applied to the hybrid
model is a feedforward network that uses the back-
propagation training algorithm (gradient-descent
techniques). Network topology includes complete
neuron interconnectivity, an input layer composed of
seven neurons, two hidden layers, and an output layer
of four neurons. A sigmoidal function was used for
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signal processing through the layers. Input and output
values of the neural network were normalized be-
tween 0.2 and 0.8 to avoid the saturation region of the
activation function used.

Input neurons represent monomer, solvent and ini-
tiator consumption, temperature, mass flow, polymer
weight-average molecular weight, and polydispersity
index. The output neurons represent measurements
for the mean square deviations between the results
obtained from the simplified model and experimental
data for monomer and initiator consumption (XM and
XI, respectively), polymer Mw, and PI. The following
generic eq. (38), in which � is the generic process
variable described earlier, was used to calculate the
mean square deviations:

� � ��exp � �simplified

�exp
�2

(38)

The second-order exponent in the above equation
guarantees a positive result, whereas division by the
experimental term renders the deviation magnitude
uniform.

It was observed that 25 neurons for each hidden
layer was a reasonable number to provide good pre-
dictions.

Because of the lack of enough experimental data for
coherent network training, the realistic two-dimen-
sional model was used to represent the experimental/
industrial data. Thus, for the case studied, the hybrid
model should be able to accurately simulate the tubu-
lar reactor and generate results compatible with those
obtained from the realistic two-dimensional phenom-
enological model developed for this equipment.

RESULTS AND DISCUSSION

Prepolymerization effect

The study of the prepolymerization effect was per-
formed to compare radial gradients of process vari-

ables when continuous single and two-stage polymer-
ization systems were used to carry out the same reac-
tion.

In the first study two reaction systems of equal
volume were used to simulate styrene polymerization
in toluene. One of them was a single tubular reactor
(without prepolymerization) with a reaction volume
of Vt (with Di 	 0.0254 m). The second reaction system
was composed of a CSTR with a reaction volume of 0.2
� Vt, associated in series with a tubular reactor with a
reaction volume of 0.8 � Vt. The operating conditions
used were a solvent volumetric fraction of 0.2, an
initial initiator concentration of 0.005 mol/L, an initial
polymerization temperature of 350 K, a constant cool-
ing temperature of 350 K, and a mass flow of 0.0003
kg/s.

Figure 3(a) shows that the CSTR (for prepolymer-
ization) significantly reduced the radial gradients of
axial velocity throughout the tubular reactor. Because
of the higher viscosity of the reaction mixture fed into
the tubular reactor when prepolymerization was used,
lower velocities were observed inside the reactor,
leading to a narrower residence time distribution for
macromolecules.

The profiles of temperature inside the tubular reac-
tor for each reaction system showed considerably dif-
ferent behavior [Fig. 3(b)]. In the system with prepo-
lymerization the generation of a large amount of heat
at the beginning of the reaction (characteristic of
chain-addition polymerization reactions) occurred
within the CSTR, resulting in lower temperatures and
smooth radial profiles throughout the tubular reactor.
A higher temperature was clearly visible at the reactor
inlet for the single polymerization system.

Monomer and initiator consumption were strongly
influenced by axial velocity and reactor temperature,
so less-pronounced profiles for monomer and initiator
consumption were observed when prepolymerization
was assumed (not shown).

Figure 3(c) shows that the evolution of polymer
weight-average molecular weight in the tubular reac-
tor varied considerably between the reaction systems
studied. In the single polymerization system faster
polymer chain growth, characteristic of this kind of
reaction, was observed at the tubular reactor entrance.
In the two-stage polymerization system this occurred
within the CSTR.

Figure 3(d) shows that in the two-stage polymeriza-
tion system, less-pronounced radial gradients and a
lower polydispersity index were obtained throughout
the tubular reactor.

Although monomer prepolymerization reduced ra-
dial gradients throughout the tubular reactor, differ-
ent values were obtained at the reactor exit for all
variables analyzed. This means that different operat-
ing conditions should be used in the two-stage poly-
merization system to achieve conversion and polymer

Figure 2 Structure of the hybrid model.
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properties similar to those obtained in the single-reac-
tion system.

Parametric analysis

Different solvent fractions, polymerization tempera-
tures, and initiator concentrations were tested using

the two-dimensional model developed for the tubular
reactor (L 	 75 m).

Solvent volumetric fractions of 20, 30, 40, and 60%
were studied through simulations. Results show that
when the solvent fraction was increased, less-pro-
nounced radial gradients were observed for all pro-

Figure 3 Profiles of (a) axial velocity, (b) reactor temperature, (c) polymer weight-average molecular weight, and (d)
polydispersity index in the tubular reactor for single (left) and two-stage (right) polymerization reaction systems.
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cess variables (Fig. 4), as expected, attributed to the
decrease in viscosity as the solvent fraction increased,
which resulted in less-elongated axial velocity pro-
files. According to Figure 4(a), as the solvent fraction
was increased from 20 to 40%, the monomer consump-
tion rate underwent a considerable reduction.

The decrease in monomer consumption rate resulted
in a lower release of heat by propagation reaction and,
consequently, lower temperatures were observed inside
the reactor. This reduction in the propagation reaction
rate can be verified by the dramatic decrease in the
number- and weight-average molecular weights [Fig.
4(b)]. It is explained by the reduction in the diffusional
limitations when higher solvent fractions were used (the
free volume increased), which facilitated termination of
the chains and maintained a more constant value for
radical concentration. In addition, the chain transfer to
solvent was also increased. The polydispersity index was
also reduced when more solvent was used.

To study the effect of polymerization temperature,
the cooling fluid temperature was assumed to be equal
to the initial polymerization temperature. Styrene so-
lution polymerization with a solvent volumetric frac-
tion of 30% and initial temperatures (at the reactor
entrance) of 345, 350, and 355 K were simulated.

Results show that the higher the polymerization
temperature, the faster the consumption of reactant,
which is in accordance with kinetic theory. The in-

crease in monomer consumption by propagation reac-
tion resulted in higher generation of heat attributed to
the exothermicity of the reaction. Because of the as-
sumption of equality between the cooling and the
initial polymerization temperatures, heat release from
the reaction system was more difficult when a higher
initial temperature was assumed. As a consequence, a
higher temperature was obtained inside the tubular
reactor, resulting in a total initiator consumption. This
occurred as a result of the low initial value chosen for
this variable in the simulations (Ci0 	 0.005 mol/L).
Total initiator consumption resulted in a constant in-
crease in the weight-average molecular weight and
polydispersity index, equivalent to those observed on
the left side of Figure 3(c) and (d), respectively.

The model is also in accordance with the fact that
temperature and initiator concentration have similar ef-
fects on reactor behavior. The increase in initiator con-
centration from 0.005 to 0.015 mol/L resulted in a drastic
reduction in the polymer average molecular weight. A
lower polydispersity index was also obtained.

Different empirical19,20 and semiempirical21 correla-
tions to express the gel effect in solution polymeriza-
tion of styrene in tubular reactors were tested. Results
show that when an empirical correlation was used in
a nonisothermal system, strong discontinuities were
observed in the temperature profile when the gel ef-
fect was assumed (i.e., within the conversion range of

Figure 4 Profiles of (a) monomer conversion and (b) polymer weight-average molecular weight in the tubular reactor for
volumetric solvent fractions of 20% (left) and 40% (right).
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the validity of gel effect), so semiempirical correlations
are more appropriate. Equivalent final conversion val-
ues (at the reactor outlet) were obtained for all corre-
lations used in simulations, although the profiles in
the reactor were considerably different. The polymer
average molecular weight and polydispersity index had
different final values and profiles throughout the reactor.

Finally, benzoyl peroxide and AIBN were tested as
chemical initiators for solution polymerization of sty-
rene in tubular reactors. Results indicated that, for a
given temperature, initiators with a lower half-life
time (i.e., AIBN) generated more heat near the reactor
entrance. Lower polymer average molecular weight
and a higher polydispersity index were obtained
when AIBN was used in the simulations.

Neural network performance

Training and test sets of patterns were generated
through simulations with random operating condi-
tions in the training range for each process variable
involved. For network training, 80,000 epochs were
necessary to obtain a mean square error of 0.000076. A
learning rate of 0.3 was used in this step.

The quality of the network response was verified
through observations of the angular coefficient evalu-
ated from the plot of neural network predictions versus
output targets (Fig. 5). The angular coefficient (correla-
tion coefficient) obtained from training and test plots,
shown in Table I, indicates the good performance of the
neural network for learning and test patterns.

Using test patterns, the predictions obtained with
hybrid and phenomenological models (simplified and
realistic) for monomer conversion [Fig. 6(a)], polymer
weight-average molecular weight [Fig. 6(b)], and poly-
dispersity index [Fig. 6(c)] show good agreement be-
tween hybrid and two-dimensional model results.
This suggests that the hybrid model applied in parallel
with a neural network is a promising alternative to
improve the prediction capability of conventional
mathematical models of polymerization systems. In
other words, despite the simplifications made in the
one-dimensional model for the tubular reactor, the
neural network was able to overcome the lack of ki-
netic and phenomenological knowledge, increasing
the prediction capability of the model.

CONCLUSIONS

This research addressed the behavior of a continuous
polymerization system composed of a continuously
stirred tank reactor (prepolymerization) in series with

Figure 5 Neural network performance for test patterns of
(a) XM, (b) Mw, and (c) PI.

TABLE I
Neural Network Performance for Training

and Test Patterns

Output neuron (deviations)

Correlation coefficient

Training Test

XM 0.99774 0.93277
XI 0.99771 0.97631
MW 0.99320 0.92123
PI 0.98319 0.94110
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a tubular reactor using a two-dimensional model.
With this model, a complete visualization of all axial
and radial profiles inside the tubular reactor was pos-
sible, allowing a safe analysis of the advantages of

using a prepolymerization reactor to improve both the
homogeneity and the end properties of the polymer.

This work also proposed a hybrid model with a
neural network in parallel as an alternative to improve

Figure 6 Comparison of (a) the monomer conversion, (b) polymer weight-average molecular weight, and (c) polydispersity
index results obtained for random operating conditions with the simplified, realistic, and hybrid models.
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the prediction capability when it is not possible to
build a reliable phenomenological model attributed to
uncertainties in parameters and incomplete knowl-
edge of the system. The results showed that the hybrid
model could generate good results, even when there
was a serious lack of information about the system.

NOMENCLATURE

A tubular reactor cross-sectional area (m2)
Aij matrix coefficients for first-order derivative dis-

cretization
Bij matrix coefficients for second-order derivative

discretization
Ci initiator concentration (mol/L)
Cm monomer concentration (mol/L)
Cp heat capacity (J kg�1 K�1)
Cs solvent concentration (mol/L)
D molecular diffusion coefficient (m2/s)
Di tubular reactor diameter (m)
Dx dead polymer chain with x monomer units
f initiator efficiency
h convective heat transfer coefficient (J m�2 s�1

K�1)
I initiator molecule
k conduction heat transfer coefficient (J m�1 s�1

K�1)
kd initiator decomposition rate constant (s�1)
ki chemical initiation rate constant (L mol�1 s�1)
kti thermal initiation rate constant (L2 mol�2 s�1)
kp propagation rate constant (L mol�1 s�1)
ktrm chain transfer to monomer rate constant (L

mol�1 s�1)
ktrs chain transfer to solvent rate constant (L mol�1

s�1)
ktc termination by combination rate constant (L

mol�1 s�1)
L tubular reactor length (m)
M monomer molecule
M� active monomer molecule
Mn number-average molecular weight (g/mol)
Mw weight-average molecular weight (g/mol)
Q mass flow (kg/s)
RCm reaction rate of monomer consumption (mol L�1

s�1)
R� generic reaction rate
P reactor pressure (N/m2)
PI polydispersity index
Px

� live polymer chain with x monomer units
PM monomer molecular weight (g/mol)
r radial coordinate (m)
R� free radical
S solvent molecule
S� active solvent molecule
T reactor temperature (K)
Tc cooling fluid temperature (K)

Vz axial velocity (m/s)
Z axial coordinate (m)

Greek characters

� mean square deviation
�H heat of polymerization (J/mol)

k kth moment of live polymer chain
� viscosity of reaction mixture (cP)
�k kth moment of dead polymer chain
� angular coordinate (rad)
� density of reaction mixture (g/L)
� dimensionless radial coordinate
� generic variable that can represent Cm, Ci, Cs, �0,

�1, or �2
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