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The problem of driving a batch process to a specified product quality using data-driven model predictive control (MPC)
is described. To address the problem of unavailability of online quality measurements, an inferential quality model,
which relates the process conditions over the entire batch duration to the final quality, is required. The accuracy of this
type of quality model, however, is sensitive to the prediction of the future batch behavior until batch termination. In this
work, we handle this “missing data” problem by integrating a previously developed data-driven modeling methodology,
which combines multiple local linear models with an appropriate weighting function to describe nonlinearities, with the
inferential model in a MPC framework. The key feature of this approach is that the causality and nonlinear relation-
ships between the future inputs and outputs are accounted for in predicting the final quality and computing the manipu-
lated input trajectory. The efficacy of the proposed predictive control design is illustrated via closed-loop simulations of
a nylon-6,6 batch polymerization process with limited measurements. © 2013 American Institute of Chemical Engineers
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Introduction

Batch processes constitute a class of processes that play
an important role in the production and processing of a wide
range of value-added products (i.e., chemical, pharmaceuti-
cals, bio-chemicals, etc.). They are finite duration processes
with unique characteristics, such as the absence of equilib-
rium points and nonlinear and time-varying dynamics over a
wide range of operating conditions, that preclude the direct
application of control strategies designed for continuous sys-
tems. Unlike continuous systems, which are characterized by
control at an equilibrium point, the primary control objective
in batch processes is to reach a specified product quality by
batch termination. The economic benefits from batch proc-
essing are realized from the consistent production of on-spec
product. Direct control to the specified quality, however, is
impractical in most cases because quality measurements
are unavailable online and only made offline after batch
completion.

In the past, batch-to-batch operation policy consisted of
charging the reactor with a recipe and then implementing
predetermined input trajectories. These trajectories were
either optimized offline, determined through data-mining, or
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historically yielded on-spec product. This type of open-loop
operation policy, however, negatively impacted the reprodu-
cibility of quality as it was susceptible to disturbances
encountered during the process and in the initial conditions
(i.e., raw material impurities). Motivated by the increased
demands of consistent production of high-quality products,
numerous batch-to-batch (offline) and within-batch (online)
control strategies were adopted.

The idea behind batch-to-batch control is to refine the
batch recipe and operating trajectories for the upcoming
batch using past data in an attempt to bring the new batch’s
quality closer to the specified value.' Batch-to-batch control
strategies range from updating the model parameters and
then recomputing the batch input trajectories (and/or batch
recipe) to directly updating the process variable trajectories
using an optimization-based algorithm2 or the iterative learn-
ing control framework.>* The former drives the process
toward a specified optimum batch-wise, whereas the latter
exploits the repetitive nature of batch systems by using the
error in the final quality from the last batch to update the
process variable trajectories and/or initial conditions.

Batch-to-batch control represents an entirely offline
strategy and lacks any real-time feedback mechanism for
rejecting disturbances encountered during batch evolution,
motivating the use of real-time, within-batch control
approaches. The within-batch quality control problem has
been investigated extensively in the literature with many
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studies assuming availability of a detailed, first-principles
process model.”® However, in instances where the develop-
ment and maintenance of an accurate first-principles model
may not be possible, control designs need to rely on empiri-
cal or data-driven modeling. Data-driven modeling methods
are particularly well-suited for batch systems because they
can exploit existing batch databases and also provide an
opportunity to update the model following the completion of
each batch. Note that because continuous processes are oper-
ated around steady-states and narrower operating ranges,
there is little useful information for identifying data-based
models from typical operation. Instead, the process must be
excited in some fashion to collect meaningful identification
data. In contrast, due to the inherent process nonlinearity and
moving setpoint, databases of batch processes are comprised
of trajectories of online measurements of the key process
variables from previous batches and contain important infor-
mation about the process states, allowing a reliable model to
be identified.

Within-batch control approaches can be broadly divided
into trajectory tracking and inferential quality control
approaches. Trajectory tracking is used where there is
expected to be very little variance in the initial conditions
for the batch, and hence reference trajectories for the meas-
urable process variables (such as temperatures and pressures)
can be tracked to reliably meet the specified quality. Track-
ing is achieved using classical control designs’ or advanced
control designs, such as differential geometric®® or predic-
tive'®”7 controllers, which are capable of compensating for
the effects of nonlinearity and tracking set-points over a
wide operating range. Although trajectory tracking control-
lers can reject disturbances online, even with perfect track-
ing, there is no guarantee that the desired quality will be met
if there is significant variation in the initial conditions from
batch to batch. This is because disturbances encountered dur-
ing the new batch could alter the relationship between the
product quality and the trajectories of the process variables.
Thus, implementing the same reference trajectories batch-to-
batch is not guaranteed to consistently produce on-spec
product.

Inferential quality control refers to the control approach
aimed at controlling quality directly, and is most commonly
achieved through multivariate statistical process control
(SPC) approaches, particularly those using latent variable
tools, such as principal component analysis (PCA) or partial
least-squares (PLS) regression.'® For batch processes, the
model development for the majority of SPC applications
begins with the so-called “batch-wise” unfolding of
multiway batch data."”?® The unfolded data are regressed
(commonly via PLS regression) onto a matrix of final quality
measurements to obtain an inferential PLS quality model®'
that is usable for predicting the final quality prior to batch
completion. For batches with multiple phases or stages with
distinct dynamics, multiple phase-specific (and transition)
models can also be constructed.”** During the batch evolu-
tion, the final quality can be predicted (at every sampling
instant or predetermined decision points) and if the predic-
tion exceeds the control limits, appropriate remedial action
can be taken to correct the batch. The nature of the correc-
tive action may be heuristics or knowledge based or more
systematic wherein the quality model is inverted (one way or
another) to directly compute the future input trajectories that
recover the batch. The latter approach has been classified as
a midcourse correction (MCC) control stratceggy.”“25 Because
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it requires model inversion, the effectiveness of a MCC
approach is particularly dependent on the underlying quality
model and in general, demands richer training data that
spans a wider operating range and exhibits more input varia-
tion compared to modeling for SPC.?°

An important issue that arises in SPC and MCC
approaches is that future online measurements that are
required to predict the quality are incomplete. More specifi-
cally, the data arrangement in the model building process
calls for the entire batch trajectory to predict the quality of
the batch. However, during a batch, measurements are only
available up to the current sampling instant, and the future
data are required to predict the final quality. In the literature,
this has so far been treated as a “missing data” problem,
with the choice of the data completion technique playing a
key role in the overall performance of the control design.
Prediction error in the future data is propagated to the qual-
ity prediction error, and both of these errors add uncertainty
to any control action computed using the model. This prob-
lem is particularly prevalent during the early stages of the
batch when most of the information is unknown. In fact,
with poor prediction of the future batch behavior, inputs
determined from using the model can drive the batch to a
point from where good quality product cannot be produced.
This characteristic is typical of methods that lack a causal
relationship between the inputs and the process trajectory,
and in turn, the quality, which leads to the treatment of the
future trajectory as a “missing data” problem.**

A variety of ad-hoc approaches exist to handle this
“missing data” problem. Many methods use missing data
algorithms available for latent variable methods. These miss-
ing data algorithms work on the assumption that the correla-
tion structure between the collected measurements and future
measurements for the new batch is the same as in the train-
ing data. Another approach has been to build a finite set of
quality models at predetermined decision points (possibly at
every sampling instant), and in building each model, rather
than using the entire batch trajectory, data only up to the de-
cision point is used.”**” This idea of an evolving model has
also been modified for improving the quality prediction in
multistage batches through consideration of critical-to-quality
time periods at specific phases of the batch.”**° One issue
with these multimodel-based approaches, however, is that
quality models developed at early time points may be highly
inaccurate because they will not capture the effects of large
periods of the batch duration toward the batch quality.
Although these missing data approaches are useful for pre-
dicting the quality and monitoring applications, when the
inferential model is used in a control design, the need to
consider the nonlinear casual relationship between the future
input-output behavior is obvious. The quality control prob-
lem, therefore, stands to gain from the use of a causal, non-
linear model that does not treat the future trajectory as a
missing data problem and instead recognizes it as the prob-
lem of choosing the remaining input trajectory, which deter-
mines the rest of the measured variables trajectory and in
turn the final quality.

Motivated by the above considerations, in this work, we
develop a within-batch quality control strategy for batch
processes that unites a single-PLS inferential quality model
with a previously developed nonlinear, data-driven modeling
approach. By properly representing the future behavior using
a causal model, control inputs can be chosen that result in
improved quality control. The rest of this article is organized
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as follows: first, we describe the class of processes being
considered and review the key concepts, namely the different
modeling approaches used in the control design. Next, we
present the details of a predictive controller that is designed
to drive a batch process to a desired specified product quality
by batch termination. The efficacy of the control design is
then demonstrated via simulations of a nylon-6,6 batch poly-
merization system. Finally, we summarize our results.

Preliminaries

In this section, we first describe the class of batch proc-
esses considered. Next, we discuss how an inferential quality
model can be identified from existing batch data through
multiway analysis. This is followed by an overview of PLS
regression, a latent variable technique used to compute the
inferential quality model parameters. Finally, we review a
previously developed data-based modeling approach®' that
serves as the basis for predicting the future state trajectory
(for a candidate input profile) when using the inferential
quality model for quality control.

Process description

We consider batch processes subject to input constraints
and limited measurements described by

x=f(x,u)

y=g(x,u)+v

q=h(x,u) )
t € [to, ts], u(-) € U, x(t) =xo

Note that the above model is used only to illustrate the
class of processes that the proposed modeling approach is
expected to work, and the proposed approach does not
require a model of the form of Eq. 1 to be available. The
times =ty and r=t;, are the initial and termination times,
respectively. The vectors x € R", y € R’, and ¢ € R? denote
the state variables, measurable process variables, and quality
variables, respectively. Measurements of y are assumed to be
available at every sampling instant, whereas the elements of
g are only measured once following batch completion. The
vector v € RP represents zero-mean, normally distributed
measurement noise. The vector u € R™ consists of con-
strained manipulated inputs, taking values in a nonempty,
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Figure 1. Process variable trajectories, X.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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Figure 2. Quality data, Q.

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

convex set, % £ {ultmin <1 < Upax } C R™ where #;, and
Unax define the minimum and maximum (respectively)
allowable input values.

Inferential quality model

To understand how to build a quality model that can be
used during batch evolution to predict the quality at batch
termination, we first describe the nature of data available in
a batch database. Consider a typical batch run in which
j=1,2,...,J=m+p variables are measured at k=1,2,....K
sampling instants. For b=1,2,...B batches, this data can be
organized into a three-dimensional array (3-D), X (BXJXK),
as shown in Figure 1.

Each vertical slice in this array, which has dimensions
BXJ, represents the values of all the measurable variables
for all batches at a common sampling instant. In addition to
X, measurements of g=1,2,...0 quality variables taken post
batch can be summarized in a BXQ quality matrix, Q, as
shown in Figure 2. Finally, information about the initial con-
ditions for each batch is also typically available (i.e., feed-
stock properties, measured raw material properties and com-
positions, charges of each ingredient, etc.), and this can be
summarized in a BXM matrix, Zg, (see Figure 3) where M
is the number of known variables related to the initial
conditions.

To identify an inferential quality model that can be used
to predict the batch quality, the 3-D array, X, is first
transformed into a 2-D BXJK matrix by unfolding it “batch-
wise” such that each of its vertical slices is arranged
side-by-sidelg’zo (note that the dynamic model that we use to
predict the batch process dynamics30 does not require this
kind of unfolding). Next, the initial conditions matrix, Zy, is

Batches

1 --- M
Initial measurements
Figure 3. Initial conditions, Z,.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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Figure 4. Rearrangement of the batch data in Figure 3 to form the regressor matrix for identifying the quality

model in Eq. 2.

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

concatenated to the unfolded matrix, forming a regressor ma-
trix, [Zo X, as shown below in Figure 4.

The matrix in Figure 4 can be regressed onto the quality
data matrix (Figure 2) using linear regression, yielding a
model that relates the initial and process conditions to the
quality characteristics as shown below

X]A @

Q=[Z,

where Q is the predicted quality and A is a (M+JK)XQ
matrix of the quality model coefficients. Due to the high-
dimensionality/multivariate nature of the regressor matrix
and the likely presence of correlations among its variables, a
latent variable regression technique, such as PLS regression
or principal component regression, is necessary for appropri-
ately estimating A.

Remark 1. An assumption made during the batch-wise
unfolding scheme is that all batches are of equal length and
the trajectories are synchronized (a requirement relaxed in
recent results,’® albeit for the purpose of dynamic modeling,
not quality models). In practice, this assumption may not
hold for raw batch data. Consequently, several methods have
been proposed for addressing unequal batch lengths and to
synchronize trajectories. The most common method involves
choosing a monotonic indicator variable common to all
batches, such as conversion, and resampling the variables
with respect to this variable instead of time.** Additional
methods for aligning batch trajectories include dynamic
time-warping’> and curve registration.**

PLS regression

When variables in the regressor matrix are (auto/cross)
correlated, the use of ordinary least-squares regression leads
to parameter estimates with large variances (due to covari-
ance of the regressor matrix being ill-conditioned). Correla-
tions can result from data being collected under closed-loop
conditions® and/or from lagging the variables. One way to
handle the numerical issues arising from correlations is
through PLS regression. Geometrically, in PLS regression,
the variables in the regressor and response matrices [Zy X]|
and Q, are projected onto corresponding orthogonal subspa-
ces of A-pairs of latent variables. Each pair of latent varia-
bles accounts for a certain percentage of the variance in the
original matrices. Mathematically, PLS regression consists of
decomposing [Zy X] and Q as the sum of the outer prod-
ucts of a score and loading vector
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A
(Zo X] =) tp/,+E 3)
a=1
A
Q =) ds.+F “
a=1

where ¢, and d, are the input and output scores representing
the projections of the variables in [Zo X] and Q on the
subspaces, p, and r, define the orientation of the correspond-
ing subspaces, and E and F denote residual matrices.
Because it is desired to obtain a useful relationship between
the original data matrices, the two matrices are linked by an
inner relation between their scores of the form

d,=b,t,+e, Vac|l,A )

where b, are the coefficients of the inner relationship and e,
are the residuals. In PLS algorithms, such as nonlinear itera-
tive PLS,lg the subspace orientation and scores for both
matrices are determined simultaneously to maximize the cor-
relation between [Zy X] and Q and, therefore, obtain the
optimal fit for the inner relationship. The final result from
PLS regression is a linear model between [Z, X] and Q
where the coefficients are functions of the scores and load-
ings from the matrix decompositions.

Remark 2. In the PLS model, trajectories of the process
variables over the entire batch duration and initial conditions
are projected onto a latent variable subspace, and the values
of the latent variables in this space are related to the scores
of the final quality through the inner relationship. The pro-
jection essentially represents an estimation of the batch states
at the end of the batch while the inner relationship is a
“measurement” function relating the states at batch termina-
tion to the final quality. For a new batch, at sampling instant
k, process variable trajectories are only available only up to
k. More specifically, the process outputs are available up to
sampling instant k& and the inputs are available up to k — 1.
As a result, the vector required to make the state estimation
at batch termination is incomplete. There are ways to elimi-
nate this problem in monitoring applications (e.g., by using
multiple models,”® lookup-tables,*® or a different unfolding
schemelg); however, when using the model for control, the
prediction of the future behavior for a given input is a neces-
sity. Rather than eliminating the need for future data, we
recognize the causal nature of the inputs in determining the
future trajectory and in turn the quality.
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Remark 3. In conventional PLS modeling, a common pre-
processing step is to normalize the regressor and response
matrices to zero mean and unit variance. Scaling to unit var-
iance gives each variable equal importance during model
identification; however, in many batch systems, there are
specific periods during the batch that play a more critical
role in determining the final quality than others. A simple
way to account for these quality-critical periods within the
PLS regression framework is to multiply the appropriate col-
umns in the regressor matrix by weighting factors that make
them more influential during the computation of the model
parameters (and, therefore, during quality prediction). More
formalized approaches for considering time-specific effects
are also available.?”-*®

Multimodel data-driven modeling for batch systems

In this section, we review a multimodel, data-driven mod-
eling approach that is used for predicting the future output
behavior when using the inferential quality model.**>" Math-
ematically, the model for the process outputs takes the form
of a weighted combination of L linear dynamic models as
shown below in Eq. 7

(k)= wi(k)Bx (k) ©6)
=1

=Y wek)B [y (k=1) ooy (k=) oo/ (k1) - a (k=n,)]
=1
)

where wy(k) is model ¢’s weight at sampling instant, £, ii[
defines the ¢-th local model, and X(k) is a vector of lagged
inputs and outputs. The scalars, n, and n,, denote the num-
ber of lags in the outputs and inputs (respectively). For nota-
tional simplicity, we have assumed the same number of lags,
ny and n,, for each output and input variable (respectively)
and the same lag structure for all L models. These assump-
tions can be readily relaxed.
Using the following definitions

BElB o B o B

h(k) & [wi(k)x' (k) we(k)x' (k) wi(k)x' (k) |

Equation 7 can be rewritten in the vector form

§(k)=ph(k) ®)

The model identification procedure consists of an initial
clustering step followed by solving a linear regression prob-
lem. In the first step, for a given lag structure, a matrix X,
corresponding to X¥(k), is generated by sorting the plant data
sample-wise (not time or critical variable wise, as is done in
existing batch modeling approaches) and then, X (or its
equivalent latent variable space30) is clustered into L clusters
using an appropriate clustering technique. Thus, observations
of lagged inputs and outputs are clustered together, and, to
illustrate our results, in this work we use fuzzy c-means clus-
tering. In fuzzy c-means clustering, points that are mathe-
matically “similar” according to the Euclidean 2-norm are
clustered into overlapping spherical clusters with correspond-
ing center points.”” Each cluster represents a region in the X
space where an associated model has the highest degree of
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validity, and in this way, the cluster’s center point represents
the linearization point of its associated model. Using the
results of the clustering step (the cluster center points), the
weights wy(-), for the training data can be computed prior to
the model coefficients (to be discussed shortly). Conse-
quently, the h(k) vector in Eq. 8 is completely specified for
the training data. Thus, a regressor matrix corresponding to
h(k) can be constructed, and the local linear models [ are
computable using linear regression.

Intuitively, from Eq. 1, the model weights wy(-), should
depend on the current values of the states and inputs
because they define the system dynamics through f(-). In
other words, the local models should be weighted according
to the current process conditions. In the absence of state
measurements, the vector of lagged outputs and inputs X (k),
can be used to infer the current process conditions, and
each model’s weight can be assigned based on the proxim-
ity of the operating conditions to its center point. For
instance, denoting model ¢’s center point as ¢, its weight
should be inversely proportional to the squared distance
between ¥ (k) and ¢,

wo(k) oc ||R(k)—eo]|

Normalizing this expression over all clusters yields the
following normalized weighting function

X (k) —edl|

SRR el

W((k)z

The number of clusters is an important parameter in this
approach. Well-defined criteria (based on the cluster geom-
etry) to iteratively refine the number of clusters are avail-
able.’® Additionally, to evaluate the goodness of the final
fuzzy partitions, many validation measures have also been
proposed with the most popular being the Xie—Beni
index,?? which is a ratio of the total within-cluster variance
to the separation of the cluster centers (and, therefore,
should be minimal for the best partition). In this work, we
picked the number of clusters (iteratively) based on how
well an independent validation data set was predicted.
Thus, there was a balancing of the number of clusters and
prediction error.

Model Predictive Quality Control

In this section, the data-driven modeling approach
reviewed in the previous subsection is used in conjunction
with an inferential quality model in a model predictive
control (MPC) design. The quality model captures the (time-
cumulative) effects of the entire batch trajectory on the final
quality, whereas the multiple linear models for the measura-
ble process variables take the causality and nonlinear rela-
tionship between the inputs and outputs into account. The
benefit from this approach is the ability to account for the
direct connection between the control action and the quality,
something that is both expected and desired.

Given a batch database, consider the case where the qual-
ity and process variable models have been identified. The
following MPC optimization problem is solved to compute
the control action with the objective of achieving a desired
product quality, g4,
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Unknown information at k:

y(k + 1) y(K') predicted using the multi-
Known information at k model approach given u(k) ulK =1
=z |y wu(0 y(k)|uk) §(k+1) u(k+1) u(K -1 y(K)

A

Vector required to predict the quality
Figure 5. Schematic of how the multimodel approach is used with the inferential quality model to predict the

future (unknown) output trajectories.

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

K
min u(kyeu (ZI “des )/T(Q “des ) +Z Au/(l)q)Au(l) ©))
i=k
st o y(k)=y(t) (10)
L
§(k)=> " we(k)Bx(k) (1)
(=1
e =[w/(k) §'(k+1) W/ (k+1) W(K-1) §(K)]
(12)
q:[xpast Xfuture ]A (13)

In this optimization problem, the objective function con-
sists of a term for minimizing the discrepancy between the
target product quality and the predicted quality ¢, and a
move suppression factor. Each term’s relative importance is
traded-off using the positive-definite weighting matrices ‘¥
and ®. Equation 10 is the MPC initialization at the current
plant conditions and Eq. 11 represents the prediction of the
future process variables using the data-driven model (given
the current input trajectory in the optimizer). The predicted
process outputs and optimizer inputs are stored appropriately
in the row vector Xpyyre , through Eq. 12. This vector is con-
catenated with a vector of previous plant outputs and imple-
mented inputs x,,y. Note that the vector Xp,, is known
prior to solving the MPC optimization problem; specifically,
¥ s =[2(0)  ¥'(0) u'(0) ¥ (k)]" where z/(0) denotes
all the information known prior to starting the batch (i.e., the
initial conditions). The concatenated vector [Xpast  Xfuture |, 1S
used to predict the quality through Eq. 13.

The way the multimodel approach is integrated with the
inferential quality model is illustrated in Figure 5. At sam-
pling instance k, the vector required to predict the quality is
incomplete; the inputs and outputs beyond k are unknown.
However, when the model is embedded in the MPC optimi-
zation problem (wherein the prediction horizon extends to
the end of the batch), a candidate input trajectory exists in
the optimizer that can be used to predict the future outputs
up to batch termination. In our work, we use the multimodel
approach to predict these future outputs. For a candidate
input trajectory, the final product quality can be thus pre-
dicted, allowing direct control to a desired quality.

Remark 4. A distinguishing feature of this MPC design
includes the use of a causal (and effectively nonlinear)
model for predicting the future observations expected if a
particular candidate input trajectory is implemented. The ma-
jority of control designs that have used a multivariate, PLS-
based inferential quality model instead treat this as a missing
data problem. Based on the data collected up to the current
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sampling instant, these algorithms essentially invert the lin-
ear, PLS model such that the future behavior maintains the
same correlation structure as previous batches. This leads to
an inherent mismatch in the sense that the predicted future
behavior is based on past data [that typically uses existing,
proportional integral (PI) controllers] which in turn is used
to compute the current control action via a different control
algorithm than in the data set. In contrast, the proposed
approach recognizes that the problem is not that of missing
data, because the future trajectories depend on state and
input trajectories up to the current point as well as future
input moves. The only “missing” part, therefore, is the part
that needs to be computed by the controlle—the set of
future control moves. By using an appropriate model (which
captures the process nonlinearity) that links the future inputs
to the future process outputs and in turn to the quality, the
controller then computes the set of input moves that would
yield the desired quality. The problem of unequal batch
lengths can also be readily handled by the proposed quality
prediction approach by virtue of using a dedicated (nonlin-
ear) model for predicting the future batch behavior. In partic-
ular, all the batch data can be used to build the dynamic
model, while the quality model can be built using a common
time from the end of batch for all batches (i.e., using the
batch time of the shortest batch, if not significantly shorter
than the other batches).

Remark 5. Other control designs have tried to eliminate
the missing data problem completely through evolving qual-
ity models (at each sampling instant or a selected number of
predetermined decision points), which use measurements
only up to a given time. These models are designed to fore-
cast the final quality without the future batch trajectories and
inherently rely on the assumption that the same control
action is implemented for the rest of the batch. Therefore,
although such methods may be good to “predict” the quality
under an existing controller, they are not well-suited for use
in a control design aimed at computing the control action to
yield the desired quality.

Remark 6. The prediction horizon for the MPC optimiza-
tion problem above must extend to the end of the batch;
thus, the prediction horizon, P=K—k, shrinks at every sam-
pling instant. During the early stages of the batch when & is
low, the MPC optimization problem may be too computa-
tionally demanding for real-time implementation. Under such
circumstances, the optimization problem can be used to
update the reference trajectories for local controllers rather
than directly computing the inputs. Specifically, although the
optimization problem is being solved, trajectory tracking
controllers can be used to track the nominal reference trajec-
tories, and on completion of the optimization problem, the
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Figure 6. Trajectories used during database generation.

(b)

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

trajectories of the measurable output variables from the solu-
tion can be specified as the updated nominal reference trajec-
tories in the local trajectory tracking controllers.

Simulation Results

In this section, we demonstrate the efficacy of the
proposed MPC design through closed-loop simulations of a
nylon-6,6 batch polymerization process. First, we give an
overview of the process and state the control objective.
Next, we develop data-driven models for the measurable
process variables and product quality from a database gener-
ated using a rigorous first-principles model (also used as a
test bed for implementation of the control design). Finally,
using these models, we implement the proposed MPC design
and compare its performance against trajectory tracking
control.

Process overview and control objective

For this work, we focus on nylon-6,6 production by the
amidation of adipic acid and hexamethylenediamine (HMD)
in a batch reactor. The reactor is initially charged with mol-
ten adipic acid and HMD (from an evaporator) in approxi-
mately stoichiometric (1:1) proportions. The polymerization
reaction (a polyamidation) is summarized as follows: Car-
boxylic end groups (C) on adipic acid or the polymer chain
react (reversibly) with amine end groups (A) on HMD or the
polymer chain, producing a polymer chain link (L) and a
water molecule (W)

Polyamidation : C+A S L+W (14)

This polymerization is typically carried out in an auto-
clave reactor equipped with a steam jacket for providing the
heat needed for vaporization (and reaction) and a valve for
venting vaporized water. The polymerization occurs in three
phases: (1) initial heating phase, (2) boiling phase, and (3)
finishing phase. During the initial heating phase, the vent
valve is closed to prevent the loss of volatile HMD and heat
is supplied through the steam jacket, driving the polymeriza-
tion reaction. After a certain extent of reaction, the valve is
opened, initiating the boiling phase. During this phase,
excess water is removed, which is important for achieving
high molecular weight of the final polymer. After venting
water for an appropriate amount of time, the vent is closed,
and the finishing phase begins during which the final quality
characteristics of the polymer are developed.
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For our studies, we used a mathematical model of this
process*” that takes the general form shown in Eq. 1. The
reaction model, modeling assumptions, equations, and
parameter values* are omitted here for brevity. The state
vector is comprised of the molar amounts of each functional
group and evaporated HMD, and the reaction medium mass
and temperature. The states were assumed to be measured
only once at the initial time, but note that many of the states
were trivially zero due to the absence of any reaction. The
manipulated inputs were taken to be the steam jacket
pressure, P; (psi), and vent rate, v (g/h): u=[P; v]/, and the
constraints were defined as follows: #y;, =[700 0] and
Umax =[1.8><103 2.5><106]/. All batches were assumed to
be 3 h, eliminating the requirement for any trajectory
synchronization, with a sampling period of 1 min.

The measurable process variables were taken to be the
reaction mixture temperature, 7 (K), volume, V (L), and the
viscosity, n (cP): y=[T V n]/. Note that in practice,
although the viscosity may not be directly measurable at the
sampling period of 1 min, stirrer torque measurements are
typically available in real time at every sampling instant.
The stirrer torque is strongly correlated with the solution vis-
cosity with a more viscous polymer resulting in higher tor-
que (for a fixed rotations per minute stirrer motor). Thus, the
torque measurements provide important information about
the viscosity evolution.

The product quality of nylon-6,6 polymer is defined by
the number average molecular weight, MW, and the residual
amide concentration Ry, (mol/g): g=[MW  Ryy,]’. Both
qualities are related to the state variables through highly
nonlinear relationships.*” The control objective considered
in this work was to achieve end-point qualities of
Gaes =[5569 136].

Inferential quality and process variable models

To develop data-driven models for the quality and process
variables, an artificial batch database of the form in Figure 3
was first generated. To this end, the deterministic model was
simulated 80 times from different initial conditions (30
batches were reserved as the validation data set). In generat-
ing the database, a set of reference T and V profiles pre-
sented in Figure 6a were tracked using P; and v
(respectively) via two tightly tuned PI controllers. In addition
to these closed-loop trajectories, the database was supple-
mented with four open-loop identification batches. For these
batches, low amplitude, pseudorandom-binary-sequence sig-
nals were added on top of the nominal input trajectories. In
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Figure 6b, the input trajectories for one of these identifica-
tion batches are shown together with the nominal trajectories
(that correspond to the T and V trajectories in Figure 6a).

The final database consisted of measurements of the states
at the initial time, 7, V, and 7 at every sampling instant, and
the qualities at batch termination. Prior to developing the
models, the 7 measurements were replaced by In (1), in rec-
ognition of the fact that viscosity typically satisfies a power
law correlation. Using this database, an inferential quality
model was developed using PLS regression. As discussed in
Remark 3, quality-critical periods during the batch can be
given more weight prior to computing the model parameters.
For the nylon-6,6 process, the initial conditions and process
behavior during the boiling and finishing phases are more in-
fluential to the final quality compared to the heating phase;
consequently, columns corresponding to these conditions in
the unfolded regressor matrix (see Figure 4) were given six,
two, and four times more weight than the heating phase
(respectively).

The motivation behind placing the lowest weight on the
heating phase was because it corresponded to a limited
extent of the polymerization compared to the other phases.
The weights for the other phases and initial conditions were
found iteratively and chosen to minimize the root mean
squared error (RMSE) in the predicted qualities of the vali-
dation batches. Thus, these weights were essentially tuning
parameters in the model. High weights were placed on the
initial conditions to compensate for the fact that they consti-
tuted a very small portion of the regressor matrix compared
to the other phases. In Figure 7, the qualities predicted by
the PLS model for the 30 validation batches are displayed

along with the database qualities. The number of principal
components in the PLS model, 24, was selected to minimize
the RMSE in the predicted qualities of the validation
batches. From the discussion in Remark 2, this meant 24
latent variables were required to estimate the states at batch
termination. Note that the total number of columns in the
regressor matrix was over 900; thus, 24 latent variables still
represent a significant reduction in the dimensionality of the
process. Additionally, the training data contained four identi-
fication batches that expanded the range of typical operating
conditions, calling for additional latent variables. Overall,
the inferential quality model predicted the final qualities
with relatively good accuracy.

Next, multiple local linear models of the form described
in “Multimodel data-driven modeling for batch systems” sec-
tion were developed for 7, V, and In (1) because these varia-
bles must be predicted (for a given input trajectory) as part
of the quality prediction. To cluster the database and com-
pute the resulting local linear models, the following parame-
ters were required to be specified: the lag structure (n, and
n,) and the number of clusters, L. The model identification
procedure was as follows. For a given lag structure (which
sets the dimensions of X), the X matrix was constructed,
decomposed using PCA, and clustered for a range of clus-
ters, L={1,2,...,20}. For each cluster choice and a lag
structure, a PLS model was identified. This was repeated for
all possible lag structures with a lag range of 0-2 for each
variable. The goodness of each fit (and the number of latent
variables to retain in the PLS regression) was judged using
its RMSE in predicting the validation batches. The number
of input and output lags were found to be 1 (i.e., n,=n,=1)
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Figure 8. Comparison of the predicted (measurable process) variables by the data-driven model with the nonlinear

model for a random validation batch.
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and the number of clusters, L, was 7. One explanation for
requiring only one lag is the assumption of the same lag
structure for all the local models (note that this assumption
can be readily relaxed if needed). With this assumption,
using all first-order models minimized the possibility of
over-fitting, and in this case, yielded the lowest RMSE val-
ues. In Figure 8, we compare the output of the nonlinear
model with the model output from the data-driven model for
a set of initial conditions in the validation data set. Overall,
the multimodel approach captured the major nonlinearities
and provided relatively reliable predictions.

Closed-loop simulation results

Using the models developed in the previous section, in
this section, we present the results from implementing the
predictive controller and compare its control performance
against trajectory tracking via PI controllers. For these sim-
ulations, we considered 21 new initial conditions that were
not in the training or validation data sets. The reference
trajectories for the Pl-based trajectory tracking simulations
were those presented earlier in Figure 6a, and the loop-
pairings and tunings were kept consistent with the database
generation procedure. In solving the MPC optimization

1.6 PR e s
= 14
w
8
S 12
i
1
—— Trajectory Tracking
- - = Quality-based MPC
0.8
0 1 2 3
Time (h)

problem, the initial guess for the input trajectories was set
to the nominal trajectories at =0 and the tail of the solu-
tion at the previous sampling instant for all subsequent
sampling instants. The computation time (as reported by
the Matlab functions, tic and toc) for the predictive con-
troller at r=0 was 1.5 s on an Intel Quad Core machine
using GAMS with IPOPT as the optimization software. The
computation times for all successive sampling times were
lower due in part to the shrinking horizon nature of the
optimization problem.

In Figure 9, the final qualities yielded from trajectory
tracking are compared with those from the proposed MPC
design. On average, there was a significant improvement in
meeting the specified quality. With trajectory tracking, the
standard deviations from the target quality were 3392 and
69.69 mol/g for MW and Rnm,, respectively. These values
were reduced to 1240 and 40.71 mol/g by the predictive
controller.

Input trajectories (from both controllers) for one of the
batches are shown in Figure 10. For these inputs, trajectory
tracking yielded qualities of 6434 and 110 mol/g for MW
and Rnp, (respectively), whereas MPC yielded qualities of
5559 and 131 mol/g. Recall that the desired values for the
final MW and Ry, were 5569 and 136 mol/g. Comparing
the input trajectories in Figure 10, we observe that the MPC
prescribed inputs followed the same general trends as with
trajectory tracking but with sufficient refinements to signifi-
cantly improve on the quality.

Conclusions

In this work, we proposed a predictive control design for
batch systems designed to drive the batch to a specified qual-
ity by batch termination. The MPC design used two types of
models: a linear, PLS model which relates the process condi-
tions over the entire batch duration to the final product qual-
ity and weighted local linear models that, for a candidate
input trajectory, predict the future process conditions up to
batch termination. Accounting for the causality and nonlinear
relationships between the future input and process measure-
ments, trajectory through the multiple local linear models led
to more effective control action. The proposed control design
was demonstrated via simulations of a highly nonlinear ny-
lon-6,6 batch polymerization system, and it significantly
improved on the final quality variance over that obtained
using trajectory tracking control.
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Figure 10. Inputs prescribed by the predictive and trajectory tracking controllers for one of the batches in the

closed-loop simulations.

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