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In this article, a novel modeling approach is proposed for bimodal Particle Size
Distribution (PSD) control in batch emulsion polymerization. The modeling approach
is based on a behavioral model structure that captures the dynamics of PSD. The pa-
rameters of the resulting model can be easily identified using a limited number of
experiments. The resulting model can then be incorporated in a simple learning
scheme to produce a desired bimodal PSD while compensating for model mismatch
and/or physical parameters variations using very simple updating rules. © 2010
American Institute of Chemical Engineers AIChE J, 56: 2122-2136, 2010
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Introduction

Emulsion polymerization processes are interesting for the
production of adhesives and paints. The latex produced in
these processes is the dispersion of polymer particles into
water. The latex properties (optical properties, film forma-
tion) heavily depend on the particle size distribution (PSD)
of the latex.' Particularly, the use of bimodal PSD was found
interesting in increasing the solid content (which is of high
interest in order to reduce the drying time and transport
costs), while keeping a low latex viscosity (see for instance,
Refs. 2 and 3).

In Refs. 4 and 5 the theoretical controllability of the popu-
lation balance equations of this system has been analyzed.
The authors concluded that the PSD is approximately con-
trollable for unconstrained manipulation of feed surfactant
concentration. Then, the authors used online measurements
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of the monomer conversion obtained by densimetry and
delayed measurements of the particle size compensated by
an observer to calculate the number of particles and predict
the birth rate of particles in a continuous stirred tank reactor.
These measurements were then used in a PID controller that
manipulates the surfactant feed to control the PSD.

Despite the theoretically possible controllability of the
system, and because of the lack of online measurements of
the PSD, controlling the PSD remained a difficult task. Light
scattering technologies mainly concern monodispersed latti-
ces and operate off-line because of the necessity of dilution.
However, the analysis time of such techniques can be
reduced to about 5 minutes and might therefore be adapted
for online use if a dilution system is incorporated in the pro-
cess. Separative technologies, such as capillary hydrody-
namic fractionation (CHDF) are more suitable for multidis-
persed lattices (see for instance® and”) but require a longer
analysis time (about 15 minutes) and operate therefore off-
line. An alternative measurement that can be useful for con-
trolling the PSD is the concentration of the free surfactant in
the aqueous phase (since it allows calculating the
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concentration of micelles) that can be obtained by con-
ductimetry (see for instance®). However, for the moment,
this technique is limited to diluted lattices and the mainte-
nance of the probe is delicate. Besides, the correlations
between the condcutimetry measurements and the concentra-
tion of surfactant in the aqueous phase have to be re-identi-
fied for every new system. This method was however con-
sidered (in a simulation study) in Ref. 9 to control the PSD
by a PID controller.

In Ref. 10 a review of the different strategies used to
obtain a bimodal PSD has been proposed. Nowadays, these
strategies can be classified as follows (unless mentioned, all
strategies are validated only by simulation). First of all, the
effect of the operating policies on the PSD was studied in
open-loop control strategies. For instance, in Ref. 11 the pos-
sibility of optimizing the surfactant flow rate to obtain a bi-
modal PSD has been investigated, whereas in Refs. 12 and
13 an open-loop genetic control algorithm to predict the con-
trol profiles to obtain the desired PSD of a copolymerization
process has been proposed. The profiles so obtained were
then applied to the process experimentally.

In parallel, direct control of the PSD was considered in
some works assuming available online PSD measurement.
An observer was usually incorporated to compensate the
measurement delay. In Ref. 14 experimental investigation
has been proposed for the simultaneous control of the PSD
and molecular weight distribution by manipulating the flow
rates of the monomers (styrene and methyl methacrylate),
surfactant, initiator, and the temperature of the reactor. Off-
line measurements of the monomer conversion by gravime-
try, molecular weight distribution by gel permeation chroma-
tography and PSD by Zetasizer and CHDF were used in a
multivariable model predictive control algorithm to maxi-
mize the width of the PSD and the average number molecu-
lar weight. The lack and delay of measurements were over-
come by using a soft-sensor.

Similarly, in Ref. 15 a mult-input multi-output predictive
control strategy has been implemented experimentally to
control the polydispersity of the PSD and the molecular
weight distribution by manipulating the flow rate of mono-
mer and the reactor temperature. The algorithm involved a
linear model obtained off-line by linearization around an
operating trajectory. The measurement of the PSD was
obtained by off-line CHDF incorporated in a dynamic model
that operated as a soft-sensor.

Different control laws to control the PSD in a semi-batch
emulsion copolymerization reactor have been proposed in
Ref. 16 using principal component analysis to obtain a
reduced process model. They compared the PID and nonlin-
ear predictive control using quadratic dynamic matrix con-
troller (DMC). Two measurements have been used: the solid
content (every minute) and the PSD measurement (available
every 12 minutes). The delay of measurement was compen-
sated by an extended Kalman filter.

In most of the above cited works related to PSD control,
the control strategy is based on a physically meaningful
mathematical model representing the nucleation, growth, and
sometimes coagulation stages of the polymerization. It is
well known however that this model is difficult to identify
precisely because it includes a huge number of correlations
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and parameters, the fact that the phenomena of nucleation is
significantly nonlinear and is sensitive to impurities. For
instance, some parameters might have different values esti-
mated in the literature (ex. the propagation rate of monomer).
Moreover, there are quite often different correlations to repre-
sent the same phenomena available in the literature (ex. aggre-
gation). In addition, changes in the properties of raw materials
might considerably affect the reaction. For instance, any evolu-
tion in the surfactant nature (ex. aggregation), will lead to a
change in the critical micelle concentration or the particle sur-
face covered by a molecule of surfactant. However, these two
parameters are crucial in the computation of the nucleation
rate. For all these reasons, the control strategy has to be
extremely robust to modeling errors.

In the case where the process model or parameters are not
well known, batch-to-batch control allows taking into
account model mismatches. The batch history permits the
refinement of some process parameters or considering phe-
nomena that are not present in the fundamental process
model. Corrections can be incorporated directly in the funda-
mental process model or in a new simplified model. For
instance, to take into account process variation, a midcourse
correction of the surfactant concentration (by a shot) based
on the predicted PSD by partial least square models that
incorporate the available measurements has been proposed in
Ref. 17 whereas in Ref. 18 a combination of the fundamen-
tal process model with a static partial least square model to
account for modeling errors has been proposed. Assuming
the measurement of the full PSD available on-line, the
hybrid model-based approach was used for batch-to-batch
control of the PSD. In this approach, the input trajectories
were calculated by minimizing the error between the desired
PSD and the one obtained from the hybrid model. This work
was then investigated experimentally in Ref. 19). The batch-
to-batch iterative feedback PSD control was also used in
Ref. 20 although in this case corrections were incorporated
directly in the fundamental process model. They considered
as parameters to be updated: the critical micelle concentra-
tion, the propagation rate coefficient, the coagulation rate
and the growth rate.

The Contribution of the Present Work:
A Behavioral Model Approach

The contribution of this article is based on the conviction
that modeling the different mechanisms that take place dur-
ing emulsion polymerization is still an open issue. This task
is made difficult by the complexity of these coupled and not
yet completely understood mechanisms. Moreover, when
using physical phenomenon to model the process, the result-
ing model generally depends on a high number of parame-
ters and only a part of the phenomena being involved is
taken into account. Therefore, there is no evidence that by
updating the physical parameters of such a partial model,
the effects of nonmodeled phenomena can be recovered.

Control scientists, dealing with modeling, identification
and control of complex processes since already half a cen-
tury, are now deeply convinced that from a control point of
view:

A good model is a model that enables the task to be cor-
rectly achieved.
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Following this simple statement, the quality of a given
model is different when the task is to understand how nature
does things? or when it is to answer the question what is to
be done to enhance a desired result in a given process. In
the first case, one needs generic, physically meaningful rela-
tionships while in the latter, experimentally identified behav-
ioral models that capture the dynamics of the control-related
features are sometimes more than sufficient.

Such behavioral models generally need a drastically less
number of parameters that can reasonably be identified using
available measurement. To cite an example, linear identified
transfer functions that are based on least squares identifica-
tion are completely decoupled from any physical understand-
ing of the underlying real mechanism. However, nobody can
deny all the history of successful applications of control
achievement that are based on such models.

For more discussion on the behavioral approaches, inter-
ested readers may refer to.”'

The contribution of this article falls in this last category.
More precisely, we are interested in controlling the final par-
ticle size distribution in emulsion batch polymerization. The
PSD is assumed to be measured during the batch operation
with some sampling rate 7. More precisely, it is assumed
that at each instant #, = k/t, the following vector of mea-
surement is available
Tmin =71 <1y < -+ -

F(tk: V,') < 7Tp, = Imax (1)

where F(t;, r;) is the number of particles of size r; present in
the reactor.

Using these measurements, a limited number of batch
operations are performed and the related measurements are
acquired. Each of these batch operations is defined by a pre-
cise controlled scenario (see the parameterized controlled
batch operation section) with different set of parameters. The
data obtained from these identification experiments are used
to build up a simple behavioral model. The latter is incorpo-
rated in a rapidly convergent learning control scheme.

In all the results shown in the sequel, the mathematical
model proposed in Ref. 22 plays the role of experimental fa-
cility to deliver the measurement data. For the sake of com-
pleteness, this model is described in the appendix. By doing
so and provided that the following conditions are fulfilled:

e The algorithm uses no specific knowledge of the mathe-
matical model that is used to produce the measurements;

e The validation scenarios use a detuned model that dif-
fers from the one used in the identification step, it can be
legitimately inferred from the success of the proposed
approach that is would rather be successful in pure experi-
mental setting or at least that experimenting the solution
using a real test bed facility is worthwhile.

The article is organized as follows: The definition of the
basic parameterized Controlled Batch Operation (CBO) pro-
tocol is precisely defined in section the parameterized con-
trolled batch operation. Section behavioral model of a CBO
shows how a reduced behavioral model is built-up based on
a few number of experimental CBO’s with different set of
parameters. The use of the behavioral model so obtained in
a learning control scheme to compensate for model mis-
matches and/or process variability is shown in incorporating
the behavioral model in a simple learning control scheme
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section. Finally, some validating scenarios are proposed in
numerical simulations section to show the efficiency of the
whole proposed scheme.

The Parameterized Controlled Batch Operation

The parameterized Controlled Batch Operation (CBO) is a
batch session in which the temporal structure of decisions is
already defined up to a reduced set of paramaters. Note that
by Controlled Batch Operation, it is referred to the fact that
in the very definition of the scheduled sequence of actions,
feedback is already present. More precisely, this means that
the time structure of the decision depends on on-line meas-
urements and is not a simple sequence of actions that are la-
beled in time.

More precisely, the CBO is composed of three phases that
are described below (see Figure 1):

® Puast 1 starts with a predefined initial state with no sur-
factant injection (Qy = 0) until the minimum radius measure-
ment F(¢, r1) vanishes at some instant #;. During PHASE 1, a
first population is created that moves to the right in the axis of
radius. Note that the instant #; (see Figure 1) is not known in
advance but is defined by the measurement related inequality

F(l‘],l'])§81 (2)

® Puase 2 starts 0 time units after condition (2) is satis-
fied, namely at instant f; + 0 (see Figure 1). From this
instant and until the end of PHASE 2, a surfactant flow rate
o, = Qg is injected. The delay ¢ and the value of the flow
rate QS are the two parameters that define the CBO, namely:

r=(p)e®

where R, = [0, o].

Qs

PHASE 1 PHASE 2 PHASE 3

P

€2
€1

Figure 1. Schematic view of the Controlled Batch
Operation.

Note that the different phases are defined by measurement
driven firing instants. In what follows, the thresholds &, and
& are defined once for all while the delay ¢ and the flow
rate value Q? are decision variables that are decided on line
based on both measurements and desired PSD. [Color figure
can be viewed in the online issue, which is available at
www.interscience.wiley.com.]
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Figure 2. Definition of the position r(t) of a single
mode.

e [t is readily understandable that the amount of delay &
is a key parameter in controlling the distance between the
two populations of the bimodal distribution on the axis of ra-
dius. Mastering the value of ¢ is a key issue in the success
of the whole operation.

e The value of the surfactant flow-rate Q° during PHasE 2

is the second parameter that defines the CBO protocol since
it has effects on both the amplitude of the latest population
as well as the growing rates of both populations.
Although PHASE 2 is fired (at instant #; + 0), the nucleation
rate R, remains at 0 during an amount of time that depends
on rather complicated processes (PSD of the first mode, criti-
cal micelle concentration, presence of droplets, impurities,
surfactant nature, etc.) until the nucleation rate wakes up and
takes strictly non vanishing values. PHASE 2 ends at instant #,
that corresponds to the measurement F(t,, 1) going beyond
some threshold &, (see Figure 1):

F(ty,r1) > & ()

® Phase 3 starts then at instant #, from which the flow rate
Qs is reset to O until the end of the batch operation. This
phase corresponds to measurability of the latest population
that moves to the right on the axis of radius. This last phase
of the CBO protocol is stopped when appropriate, say at
some instant 73 according to the desired bimodal PSD (see
later).

Behavioral Model of a CBO

A behavioral model is a model that describes the evolu-
tion of the key quantities that are related to the underlying
problem. When controlling a bimodal PSD, it is clear that
the key quantities are the positions of the two modes on the
axis of radius as well as the amplitude of the latest mode.
However, this definition is rather vague and building a be-
havioral model needs this notion to be more precisely
defined. This is the aim of the following section.
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The positions of modes

For clarity, let us first consider the case where a single
mode is present in the reactor (see Figure 2). In this
case, the position 7(¢) at instant ¢ is defined rigorously as
follows:

7(t) := median R(¢) 4

where R(f) C [Fmin» "max] 1S the subset defined by:

1

R(t) = {r € [Fmins "max] | F(t,7) > Fmax(t)} 5)

in which

[F(t,7)] (6)

Fmax(f) = max

€ [Fmins"max]

In the case where two modes are present in the reactor,

the definition may be easily extended by defining "S.?in and
ramx for each mode i € {1, 2} (Figure 3), namely:
7:(t) = median R, (7) @)

0 1,
R0 = {r € brtl] P00 23RO} ®

where:
2
rr<ni)n(t) = Tmin
r|<11122x([) = T'max
1
1 N N
(1) = rin() = 3 (L 1) + 72(0)
7:(t) = Maximum population radius for mode i
F fr'l),dx (t) = maximum of the population i
F(t,r)
F‘Z (t) ™ (t}
Ro(t)) | : :
T ! |
I RN *;
L. . |
T'min = Tf:r)‘,n F2 (t) Tgsg'ﬂf - Eri'gn Tl(t) Tv(rit)m: = Tmaxzx

Figure 3. Definition of the position r(f) of a bimodal
PSD.

[Color figure can be viewed in the online issue, which is
available at www.interscience.wiley.com.]

DOI 10.1002/aic 2125



positions of modes (x y 0 m)

250 T T T
Mode 1

200
150
100

50

time (sec)

Ffzax(t) (moles)

6 T T T
5 A i"\_
AW i,
4r E = “4\,\_‘ E ¥
s -l.'-"""""——-..--.
3+ i i =
! i
1
2k i i
i i
1 ]
1+ 1 H
! !
0 1 | [ | L
0 1 2 3 4
time (s)

Figure 4. Evolution of the mode positions rij(f) and the maximum population per mode under a fixed surfactant
flow rate value Q? =5 x 107° mol/s and different values of the delay o < {0, 40-z, 80.7} respectively repre-
sented using (red-dashed), (blue dash-dotted) and (black-solid) lines; = 300 s.

[Color figure can be viewed in the online issue, which is available at www.interscience.wiley.com.]

Parametrization of the temporal profiles

The behavioral model we are looking to identify from the
measurements is the one that gives for a given choice of (9,
Qg), the evolution of the variables

()

during the CBO. Let us first run few CBO’s with different
values of (0, Qg) that belong to the discrete set:

Fa(-)

T:={(5,0") e Ax Q} C))

where A = {0, 0, 4>} and Q@ = {Q, O,, O3}. Namely, the
identification set contains for each of the two variables one
low value, one medium value and one high value.

Figures 4 and 5 show the evolution of key variables 7; and
Fsr'l)ax during the CBO’s for different values of the pair (9,
Qg). More precisely:

® Figure 4 shows the result for a given value of the sur-
factant flow rate Q¥ and different values of the delay J. For
a higher delay, the latest mode is created later and the first
mode goes faster during the delay period. Note also how
later modes are slightly higher than earlier ones.

e Figure 5 shows the result for a given delay ¢ and differ-
ent values of the surfactant flow rate Q°. Note that when the
flow rate increases, the latest mode is created earlier, F,.x
increases but the two modes slow down.
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Having this analysis in mind, one can go further in building
the behavioral model. To do so, one needs to write the time-
profiles 71(+), /() and Fﬁx() using a low dimensional vec-
tor of parameters, say o € R"*, namely:

() = @i () 5 Flag() = ¢f (1,9) (10)
in such a way that the parameter vector o depends on the
CBO’s parameter p = (9, QE). The behavioral model is then
obtained by using the values of o for all the pairs p = (J,
QS) belonging to the identification set Z defined by (9) to
obtain a 2D Spline-based approximation of « for any differ-
ent pairs of CBO’s parameters p, namely:

a(p) = S(p.p" D) p=0,00) A
where card(Z) is the number of elements of the discrete set
7. Having this Spline approximation, it is possible to predict
the time evolution of the key quantities for any pair p = (0,
QSO) that are no more necessarily in the identification set
7 according to:

ri(f) = ¢;(t,2(p)) (12)

Fio(0) = 67 (1,%(p))

At this stage, it is crucial to make it clear that the model
given by (12) holds only when using the CBO described
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Figure 5. Evolution of the mode positions rit) and the maximum population per mode under a fixed delay 6 = 40 ¢
and different values of the surfactant flow rate Q2 € {2 x 107> mol/sec, 5 x 10~° mol/sec, 10 x 10~° mol/
sec} respectively represented using (red-dashed), (blue dash-dotted) and (black-solid) lines.

[Color figure can be viewed in the online issue, which is available at www.interscience.wiley.com.]

above. It is by no mean an open-loop model that may
describe the behavior of the process for any control profile.
This precisely implements the idea of the introduction
according to which, the model has to be adapted to the task
one is achieving.

Now, it remains to give a precise parametrization of the
form (10) based on the experimental curves depicted in Fig-
ures 4 and 5.

Remark 1. Note that only 7(-), 7(-) and Fﬁf‘() need to
be identified since the amplitude of the first mode seems to
be quite insensitive to p = (9, Qg) as can be easily seen on
Figures 4 and 5. This is quite expectable since we assumed
that the initial conditions are fixed once for all and that
during the first phase of the CBO, no surfactant injection
is applied. This roughly determines the amplitude of the
first mode although one can still act on its apparent veloc-
ity across the axis of radius.

Remark 2. It is worth underlying that the values of ¢
and QY used to define I must be chosen such that for
any possible set-point of interest, the corresponding
pair (9, Q?) lies within the interpolation set I. More-
over, for the interpolation to correctly represent the
system behavior, it is implicitly assumed that no discon-
tinuous bifurcation on the behavior of the system when
(9, Qf) varies.
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5 (t, )

P5(t,

ty

t

Figure 6. Schematic view of the parametrization func-
tion ¢!(t, o) used to obtain a reduced dimen-
sional parametrization of the time profiles
r4(t) and ry(t).

C%lsequently only the four parameters a(l) ugl) cx(lz) and

have to be calculated as a function of the CBO’s pa-
rameter vector p = (0, Q ).
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¢35 (t,a®)

t

Figure 7. Schematic view of the parametrization func-
tion qS,.F (t, ) used to obtain a reduced dimen-
sional parametrization of the evolution of the
amplitude of the latest mode during the CBO’s.

Consequently, only the two parameters oc<13> and a(;) have to

be computed in terms of the CBO’s parameter vector p =

6, Q0.

Based on the time profiles of 7, the following parametri-
zation can be used to approximate the evolution of this vari-
able during the batch operation [0, #/] (see Figure 6):

0 if 1 < o

$o(t;2) =9 ) [H((z)] 13)
o

W=

.|—2%y|  otherwise
fr—ol,

As for 7j, note that it takes the same form as 7, except
from the fact that just after the creation of the latest mode,
the curve is interrupted and a straight line is to be used until
the end of the batch operation. This comes from the change
in the dynamics of mode 1 affected by the creation of the
second mode. This leads to the following parametrization
(see Figure 6):

1
3
A [% it < o
(1, 2) = o (14)
@
(11) 4! szm . [agl) — o((ll)} otherwise
fr—o,

Finally, the evolution of the amplitude of the latest mode,
namely Fn%ax can be roughly approximated according to the
schematic view depicted on Figure 7 that leads to the fol-
lowing formulation:

. 0 ifr < of?
P (t,0) = RO { 3) (3)} (15)

s o —
1 rfia;ZJ 2 1

To summarize, the vector of parameters o invoked in (10),
(11) and (12) is composed of six components and is given by:
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o= (oc(ll)7oc§1>, oc(lz),ocgz), 1(3),O(§3>) € R° (16)

Figures 8 and 9 show the comparison between the time
profiles issued from the simulation of the model proposed in
Ref. 22 (serving here as the experimental data generator)
and the profiles issued from the mathematical behavioral
model’s expressions g13)-(15). Note that the precision of the
approximation of angx(.) can be improved by introducing
higher order polynomial rather than using a straight line as
in (15). This can be easily done if appropriate.

This completes the definition of the behavioral model dur-
ing a CBO. In the following section, the way this behavioral
model can be incorporated in a simple learning control
scheme is explained.

Incorporating the Behavioral Model in a Simple
Learning Control Scheme

Although the behavioral model presented above is based
on experimental identification, some model mismatches and
uncertainties are to be expected. Moreover, the same system
may show different behaviors when the environmental condi-
tions evolve and/or when the hardware gets older. Note
finally, that the behavioral model is still a rough approxima-
tion of the reality since it is based on spline like interpola-
tion using only nine isolated experiments. This section pro-
poses a self-contained learning and adaptation scheme that
enables to recover these imperfections when dealing with a
new PSD set-point to be produced.

The learning scheme takes the form of successive CBO’s
that iteratively improve the produced PSD using an
extremely simple updating rule. This scheme is explained
step-by-step in the following items:

(i) Assume that a new PSD set-point (7¢, 74, F$) is given.
The first CBO is executed using the parameters p" com-
puted according to:

oy (t,a(p)) — 7Y
by (t,0(p)) — 75 (17)
(1 a(p) —F3 /) g

namely, p™" is chosen to minimize the difference between the
characteristics of the desired PSD and the closest predicted
PSD that will be obtained at some future time instant. The
norm ||-||o is the classical L, norm while Q is a diagonal matrix
defined in such a way that the weighted components of the
vector represent the relative error on desired values, namely:

1 1 1
= diag( =, —,—
0 - e 75.75)

(ii) The corresponding CBO is executed using the param-
eter vector p(l), the third phase is stopped at instant Igl
which is defined as the first sampling instant for which the
following condition is satisfied:

-~

~

pV = argminJ (p) := mrin
p

- 1 —d
) > (18)
where 75 denotes the measured position of the earliest mode.
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Figure 8. Positions of the modes on the radius axis during the CBO’s for different pairs of values (J, og): Compari-
son between the simulation profiles (thin lines) and the profiles issued from the mathematical expres-
sions (13)-(14) of the behavioral model (thick lines) for each mode.

(iii) At this instant, the following errors are measured:
o) = () — 7 (19)

() F2m(<))—Fg (20)

max

(iv) These errors are interpreted as prediction errors of the
behavioral model. The latter is therefore corrected according
to:

$;(t,2(p)) = &} (t.(p)) +n/” @n
5 (1, a(p)) = @5 (1,2(p)) + & (22)
where
n =nt 4 23)
& = W) 4 o) (24)
where nlm and & are initially fixed to O but kept in the above

formulae for clarity.
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(v) The second CBO is now executed with the corrected
model (21)—(22). Namely, the CBO parameter vector p(z) is
computed according to:

@1 (1,0(p)) 1\ — 7
5 (t,0(p)) + 15 — 74 (25)
¢} (1,p)+EP —F1/ |l

(vi) The procedure explained above is now repeated from
step (2) on. The model is corrected accordingly and the next
CBO is executed with the updated model.

The above discussion can be summarized as follows:

e The correction terms 7" and ¢ are initialized to 0.

® The k-th CBO uses the following optimization problem
to compute its parameter vector p*’

p'? :=argminJ(p) :=min
P t

@) (t,0(p)) + ) —
5 (t,0(p)) + ) — 74 (26)
¢ (t,2(p)) +E® —F4 ) |,

p® :=argminJ (p) :=min
P t

®)

and it is stopped at the first instant #;~ satisfying
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Figure 9. Maximum amplitude of the latest mode during the CBO’s for different pairs of values (J, Qg): Comparison
between the simulation profiles (thin lines) and the profiles issued from the mathematical expressions

(15) of the behavioral model (thick lines).

The approximation can be easily improved by using second order polynomial in (15).

) > 7 @7)

e At the end of the k-th CBO, the correction terms are
updated according to:

at = ) 7] (28)
) = 0y [P () - F] 29)

Effect of Measurement Noise

The noise affects the proposed scheme in two ways and at
different stages of the process

e First, at the stage when the spline approximation is com-
puted since this computation is based on the measurement
based curves that have to be fitted. The effect of measurement
noise at this stage is not critical since this computations are
performed off line and appropriate filtering and pre-shaping of
the measured curves can be carefully realized.

® During the Controlled Batch Operation, the measure-
ment noise may affect the precision of the events detections
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that are used to start the delay temporization before the
Phase 2 is fired at one hand and the firing of Phase 3. Tak-
ing not too small values of & and & renders the solution
less sensitive to measurement noise. On the other hand, tak-
ing too high values of these thresholds may reduce the set of
achievable PSD. The optimal choice is clearly noise depend-
ent and more quantitative discussion needs concrete mea-
surement of the noise.

Numerical Simulations

Light-scattering technique needs a sampling period of
few minutes. In our case, we consider a sampling period of
300 seconds. This rather high value of the sampling peri-
ods leads to relatively high detection errors of the zero-
crossing instants needed to fire the surfactant injection
flow rate as well as to stop this injection. This feature has
to be kept in mind when appreciating the results shown in
this section. The optimization task has been performed
using a uniform grid to discretize the convex hull conv(Z)
of the set Z.

Let us consider an experiment in which the desired values
defining the PSD are given by:
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Figure 10. Evaluation of the learning control scheme proposed in section 5 using an erroneous model. This is
obtained by changing the coefficients Kp{; and Kpi, of the model proposed by?? used here to produce

the measurement data.

Two batch operations (first in red-dotted and the second in black solid lines) were needed to recover the quality of the desired PSD that
corresponds to CBO’s parameter values that are not in the data used to identify the behavioral model. [Color figure can be viewed in the

online issue, which is available at www.interscience.wiley.com.]

7l =170 x 108m; 74 =50 x 10%m; F¢_ = 8mol

To make the simulated model different from the one that
has been used to generate the measurement used in the iden-
tification process of the behavioral model, we changed two
of the propagation rate coefficients of the model (namely
Ky11 and Kj,15) by 30% and 20% respectively.

Figure 10 shows the results of the two first successive
batch operations as introduced in section 5. Notice how the
first batch operation while quite good as a first trial shows
noticeable errors on all the requirements (positions of the
mode as well as the amplitude of the latest mode). Note
however how the next iteration recover the error thanks to
the very simple updating rules (28), (29).

The CBO’s parameter vector used in the second batch

operation are given by:
PP =(0°,8) = (6.17 x 107°, 53.34 x 1) (30)
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which corresponds to an interpolation inside the discrete set
used in the identification step.
Figure 11 shows the same kind of results with the desired
PSD given by:
M=180x10" ; F=70x10"* ; F? =2
Finally, Figure 12 shows a scenario where 3 batch opera-
tions were necessary because of a stronger modification of
the model (50% decrease in the propagation rate parame-
ters). The desired PSD is defined by:
M=190x10" ; H=80x10" ; F! =3
Note how the initial PSD showed a first mode around 200
x 107% and quite small amplitude for the latest mode. The
second batch corrects the positions of the mode but introdu-
ces too high amplitude for the latest mode. The third batch
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Figure 11. Same illustration as Figure 10 using different desired PSD (first batch in red-dotted, second batch in

black-solid line).

Note how the behavioral model enables to capture both the modes positions as well as the amplitude of the latest mode. More precise
model of the amplitude may increase the precision of the goal achievement. [Color figure can be viewed in the online issue, which is

available at www.interscience.wiley.com.]

maintained the good positions of the modes and produced a
much closer amplitude to the desired value.

Conclusions and Future Work

In this paper, a practical scheme is proposed for modeling
and control of bimodal PSD in emulsion polymerization.
The scheme is based on a simple behavioral model that can
be easily identified from PSD discrete measurements using a
few number of preliminary Controlled Batch Operations
CBO. The behavioral model is then used in a repetitive
learning control scheme to compensate for model mis-
matches and/or parameter change with time. The whole
scheme is tested using the rather involved model proposed in
Ref. 22 as a measurement generator. One way to enforce the
performance of the proposed scheme is to iteratively enrich
the database used to compute the spline by the new data
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issued from each batch operation. A forgetting factor can
also be added to take into account the effects because of the
process being getting older

It is needless to say that the only satisfactory validation is
experimental since unlike simulation, two successive CBO’s
using the same parameters would never give the same
results. Nevertheless, the result of the present paper suggests
that simple behavioral model may faithfully capture the ba-
sic features that condition the success of the bimodal PSD
control. Moreover, the proposed formulation set a simple
formalism for batch-to-batch learning that involves few pa-
rameters and extremely simple updating rules.

It remains however true that the suggested scheme is one
option among many others. The definition of a CBO may be
done in too many ways. In that sense, the paper can be
viewed as a starting point to explore different kind of para-
metrization of CBO. in particular, CBO’s may involve more
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additional manipulated variables than the only surfactant f
flow rate that is used in this work. ffem
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Notation ]fd
di
ay, = surface area of particles covered by a single surfactant
molecule (68 x 10~ '* dm?) Kdesi
asq = surface area of droplets covered by a single surfactant
molecule (68 x 107 dmz) kep(")
CMC = critical Micellar Concentration (5.17 x 10~* mol/dm?) kem
D,, = diffusion coefficient for monomers in particles (1 x Ky
10~ "*dm?/s) Ky
D,, = diffusion coefficient for monomers in water (1.7 x 1077 dm?/ Ky
5)
[E] = concentration of radicals susceptible to enter polymer

particles (mol/dm?)
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efficiency of radical decomposition (0.6) (—)

efficiency of radical entry into micelles (1 x 1075 (—)
efficiency of radical entry into particles (0.01) (—)

particle growth rate (dm/s)

residual initiator concentration (mol/dm?)

aqueous phase concentration of oligomeric radicals of degree
i (mol/dm?)

the chain length at which the radicals become insoluble in
water and principate (10) (—)

= initiator decomposition rate coefficient (4.3 x 107> s~ ")

Published on behalf of the AIChE

diffusion rate of monomeric radicals of type i to the aqueous
phase s™hH

coelfﬁcient of desorption of monomeric radicals of type i
(s7)

coefficient of the radical entry rate into particles (dm>/mol/s)
coefficient of the rate of radical entry into micelles (dm>/mol/s)
coefficient of BuA propagation at 70C (40,400 dm®/mol/s)
coefficient of MMA propagation (1050 dm®/mol/s)
propagation rate coefficient of BuA with an MMA radical
(Kp11/71(0.315) = 1.2 x 10°dm’/mol/s)

K,»1 = propagation rate coefficient of MMA with a BuA radical

(Kpol15(2.64) = 397.7 dm*/mol/s)

DOI 10.1002/aic 2133



coefficient of BuA partitioning between polymer particles and
the aqueous phase (44) (—)

K5 = coefficient of MMA partitioning between polymer particles
and the aqueous phase (78) (—)
K ;, = partitioning coefficient of BuA radicals between polymer
particles and the aqueous phase (781) (—)
K? ;, = partitioning coefficient of MMA radicals between polymer
particles and the aqueous phase (744) (—)
K‘I’ = coefficient of BuA partitioning between monomer droplets
and the aqueous phase (38) (—)
K‘Z‘ = coefficient of MMA partitioning between monomer droplets
) and the aqueous phase (64) (—)
k|, = coefficient of termination of BuA radicals in phase j (I x 10®
dm?®/mol/s)
k&, = coefficient of termination of MMA radicals in phase j (2.9 x
_ 107 dm?/mol/s)
kK, = coefficient of termination of an MMA radical with a BuA
radical in phase j (ko1 = Vkai1kme dm?/mol/s)
kP, = coefficient of transfer to BuA in the polymer particles (1.99
dm3/mol/s)
kb5, = coefficient of transfer to MMA in the polymer particles (1.9
x 10~% dm*/mol/s)
MW,,; = molecular weight of BuA (0.128 kg/mol)
MW,,» = molecular weight of MMA (0.100 kg/mol)
[M’,»] = concentration of monomer i in phase j (mol/dm?)
[Mic] = concentration of micelles (mol/dm3 )
n(r, t) = number of moles of particles of size between r and r + dr at
time ¢ (mol)
n(r, t) = average number of radicals in particles of size r at time ¢
naee = micellar aggregation number (average number of surfactant
molecules in micelles) (60) (—)
Na = Avogardo’s number (mol ™)
Nmi = number of moles of free monomer in the reactor (mol)
Ng = total number of moles of surfactant in the reactor (mol)
P} = time averaged probability that the ultimate unit of an active
chain in phase j be of type i
Q) = flow rate of initiator (mol/s)
Qi = flow rate of monomer i (mol/s)
O, = flow rate of surfactant (mol/s)
r = particles radius (dm)
Fmic = radius of micelles (2.6 x 10~%dm)
I'nue = nucleation radius (r,,;.dm)
rq = radius of the monomer droplets (1 x 10~*dm)
rs = swollen particles radius (dm)
R, = nucleation rate (mol/s)
R,_hom = homogeneous nucleation rate (mol/s)
R,—mic = micellar nucleation rate (mol/s)
Rl/ﬁ(t) = polymerization rate of monomer / in phase j (mol/s)
Spar = total particle surface (dm?)
[T] = total concentration of radicals in the aqueous phase (mol/dm?)
V™ = aqueous phase volume (dm?)
vd = droplets volume (dm?)
VP = particles volume (dm®)
V¥ = volume of monomer i in the aqueous phase (dm®)
V¢ = volume of monomer i in the monomer droplets (dm3)
VI}-’ = volume of monomer i in the polymer particles (dm®)
Vi = water volume in the aqueous phase (dm?)
Vg = polymer volume in the polymer particles (dm?)
z = critical chain length at which polymer radicals can enter polymer
particles or micelles causing micellar nucleation (5) (—)
1 = number of moles of radicals in the polymer particles (mol)
p1 = density of BuA (0.857 kg/dm®)
p> = density of MMA (0.916 kg/dm®)
pp1 = density of poly BuA (1.08 kg/dm®)
Pp2 = 2 = density of poly MMA (1.15 kg/dm?)
v, = volume of a single polymer particle (dm?®)
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Appendix: Process Model

Population balance equations

The pseudo-bulk model is used to represent the particle size

distribution (PSD) in this system since it is valid for large
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particles in which more than one free radical can co-exist for a
significant period. This model is described by two partial differ-
ential equations: one equation represents the evolution of the
PSD with time and the second equation represents the number
of radicals in the considered particles as follows:

on(r,t)  O(n(r,0)G(r)) ) _
ot + or - %né(r - ’nuc) + §Rcoagulanon (Al)
on(r,t ¢ ¢ .
n(a't ) = éRentry - §Rdesorption - 2§Rtermination (AZ)

The particle density n(r, H)dr is defined as the number of
moles of particles of size between r and r + Jr at time #, &, is
the rate of nucleation and 6(r — ry,.) is the dirac delta function
which is unity at r = r,,,. and zero elsewhere which represents
the boundary conditions, G(r, f) is the particle growth
(G(r t) gll,) §Rentrya3%<,1esomtion and §Rtenninalion are the total ra
radical entry, desorption and termination within a single particle
of size between r and r + Jr respectively. Based on the solu-
tion of the modified Bessel function of the first kind of Eq. (31)
proposed in Ref. 23 the following semi-theoretical expression
has been proposed in Ref. 24 to determine 7(rf):

2H
a(r,t) = N (A3)
+m
m+ ( + W)
where
_ % E 4
m = kgesNa ﬁf i H = kep(r)Nav, % v, = gnrf (A4)

Micellar (R,,_mic) and homogeneous (R, _nom) nucleations
cause formation of very small parti- cles. The total nuclea-
tion rate (R, = Ry_hom+n, ) acts therefore as a boundary
condition of Eq. (31). This results in a Dirichlet condition as
follows:

R (1)
1) = A5
' n(rnum ) G(rnuc) ( )
with, ' !
Ry—mic (1) = kem[Mic][E]V" (A6)
R—hom (1) = &1[IM;,,[V" (AT)
where [E] = SV ! is the concentration of radicals susceptible

to enter polymer particles and (keyy = 477micdNaD,fom) 1S the
rate coefficient of particle nucleation depending on the radius of
micelles (). In this model, particles were assumed to be col-
loidally stable, therefore coagulation was not considered.

Agqueous phase reactions

Ammonium persulfate was used as initiator in this work.
The polymerization process starts by the initiator decomposi-
tion (/) in the aqueous phase producing primary radicals
(IM) that react with monomer molecules (M) to generate
oligomeric radicals (IM;):

d(|jvv ,

AV o, kit (AB)
where V" is the volume of the aqueous phase, Q; is the ini-
tiator flow rate and [/] is the initiator concentration. The sta-
tionary state hypothesis of radicals leads to:
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M) = é <2ﬂ<d[[] + % / kaes (F)n(r, A (r, t)dr) (A9)
[[Mi}izzf(zq) = 2 [IM;_1] (A10)

&
[[M ]17~ —Jerit m []lel] (Al 1)

where z is the critical chain length at which polymer radicals
can enter polymer particles or micelles (micellar nucleation),

Jerit 18 the chain length at which the radicals become insolu-

ble in water and precipitate therefore as new particles (ho-
mogeneous nucleation) and

er = (kyy P + ko PY)MY] + (k1o PY + ko PY) [M3]

& =& + k;N[T]

1 o0
&5 = v | kep (r)n(r, t)dr + kem [Mic]
kit )imwp = = Ky P + 2K, P\ P + K, P

(A12)

where [T] is the total concentration of radicals in the aque-
ous phase defined by:

Jerit—1

T] = Z [IM}]

[
The desorption rates of monomeric radicals are given by:

]gdes(t) = kdesl + kdes2
(ki PT + KipoiP3 ) M7 Tk

Kaeei (1) — trli
de&l( )1714’2 dlﬁi + pll[Mﬂ +K112[M ]
3D,
kdii—12 = "
Kuri (1 +25,)
Bi(1)i—1 =
K,MMWH KpalM3 1+ (ki PY + ki Py [T]
7 fr Kep (r)n(rt)dr+ Ky [MY ]+ Ko [M3 ]+ [T) (ki PY + iy PY)
kep ()’) :4nrsNADwfep (A 1 3)

Monomer material balance and partitioning
between the phases

The copolymerization of methyl methacrylate (MMA) and
butyl acrylate (BuA) was considered in this work. The mate-
rial balance of monomers taking into account the reaction
rate in both phases is given by:

dei(t)

= ) RA() — Ry (1)

, (Al4)
dei(t) _ . f)

dr =12 Onil

where N,,(t) is the residual number of moles of monomer i,
Qi is the monomer flow rate i, Ngi (¢) is the total number
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of moles of monomer i introduced to the reactor at time
and:

Ry (0,21 = uIM{]FT

n= / a(r, )n(r, t)dr
Ry ()21 = [TI[M}]FY
FJI‘-([)i:IQ;/':P,w = Kp1iP} + KpiP’
Ky [M]]
Kpo1[M}] + K1 [M))]
Po(0)izp, = 1= P (1)

j
j _ o
[Mi](t)i:I,Z;/':W-P - M‘;VIVJ

Particle growth can now be calculated as:

(A15)

P, (Oj=p o =

MWL (PR 4 MY (o]
'

[)
4’[USZN A

Glr,1) = (A16)
Monomer partitioning between the different phases is
obtained by solving numerically the following 9 algebraic
equations:
V.
Vi), = K7 ya [
K’ VP + KI“ VI’ + l

K4 vav?
V()10 = o5 3
’ KV
ywyF Al7
v, =V (A7)
i i=1,2 KzP VP
VA =V + Vi + V)
Vi) =Vv{+V§
V) = Vi VYV
where VP (N (1) = ml(l))ﬂ/lw1 + (N7 (1) = Nia (1)) A;[;‘::Z'

Surfactant material balances and micelle concentration

The surfactant DISPONIL FES 32 was considered in this
work. The surfactant is assumed to be introduced at a flow
rate Qg(mol/s) and therefore the total number of moles of
surfactant in the reactor is:

dNS(t)
dt

= 04(1) (A18)

The concentration of micelles is calculated using the fol-
lowing expression:

Ns _ cMC — Sparl _ yavif
[Mic](r) = max [ 0,% Vgl Vioara ) - (A19)
Nagg

where CMC is the critical micelle concentration, 7,g, is the
aggregation number for the surfactant and S, is the total
particles surface:

Spar () = 47N, / n(r,Oridr (A20)
where 7y is the swollen particle radius given by
. 1/3
i) =r (1 YT m) (A21)
P1 P2
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