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In this research study, model predictive control (MPC) utilizing multiple reduced-models running in series
is developed and studied to investigate an improved temperature-control performance of an exothermic
batch reactor. Three steps of batch-model construction are presented, which involve (i) a reference-profile
determination, (ii) an operating-condition selection and (iii) a model-reduction. Different pseudo steady-
states conditions are properly selected along the closed-loop reference profiles with regards to overall
closed-loop poles of the system. The models further individually determined their minimal-phases to
attain only controllable and observable states. Consequently, different model-orders can be chosen cor-
responding to their controllability and observability. Simulation results have shown that, in a nominal
case, the proposed controller provides control performances as good as a single-model based controller
does. However, in presences of plant/model mismatches, the reduced-controller provides much better
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and more robust control performances.
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1. Introduction

The temperature control of a batch reactor with exothermic
reactions normally consists of (i) initial heating-up the reactor tem-
perature from an ambient condition, and (ii) maintaining it at the
desired value. Heating is initially required for driving the system
to reach the desired operation as quickly as possible; this is to
reduce overall cycle-time of a reaction process. Afterwards, cool-
ing is used to keep the temperature at its set point. It can be seen
that switching from heating to cooling always provide the diffi-
culty of batch temperature control. As heat-released of reactions
in a heating period may become very large very quickly, the reac-
tions can become unstable, and cause the temperature to runaway
if the heat-generated exceeds the cooling capacity of the reactor.
Therefore, a careful control of change rate of the temperature and
minimization of temperature overshoot are required.

Traditionally, a dual-mode control strategy has been employed
to solve this type of problem. In industrial practices, an on-off
type strategy is commonly implemented consisting of applying
maximum heating (on) until the reactor temperature is within
a specified range of set point (heating mode), and then switch-
ing to maximum cooling (off) to bring the change rate of the
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temperature to zero (cooling mode). Alternatively, a standard
feedback-controller can be switched on in the second mode [16].
Nevertheless, as an optimal switching criterion from heating to
cooling has been determined in off-line fashion, it is only valid
for a specific range of operating conditions. Moreover, heating pro-
ceeds in an open-loop manner, no feedback from the reactor is used
(switched-off controller), for that reason there is no allowance for
modeling errors.

To overcome the problem of the open-loop strategy, many
advanced-control techniques have been proposed and studied to
control batch reactors, such as feedforward-feedback control [8],
iterative learning control [4], etc. In addition to these, several works
have focused on the development of effective estimators to provide
the estimates of heat-released of reactions in a feedback-control
framework, i.e. an extended Kalman filter [1,10,11], neural network
[3] and dynamic data reconciliation [9].

In industrial applications, model predictive control (MPC), an
optimization model-based controller, has achieved great successes
[14]. Most of commercially available MPC products have utilized
linear-model; this is because non-linear-MPC (using non-linear-
model) performs computational complexity and convergence
problem of an optimization [6]. The attempt to handle highly non-
linear behavior of the linear-MPC has been addressed in many
studies.

One of those, an idea of a global-model has been concentrated
[2,7,12,15]. A set of models running in parallel has been weighted
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Fig. 1. (a) Conventional framework. (b) Proposed framework. Model predictive con-
trol (MPC) control frameworks.

via using a weighting function to provide the global-model, which
is further used in a traditional MPC algorithm to calculate a set of
control moves. It has been reported in literatures that the selection
of proper number of models and weighting function have shown to
be an important issue.

This work is mainly focused on the feedback-control design of a
MPC controller for further improvement of a temperature-control
performance over an entire batch operation. The controller has
been developed by using multiple-models running in series to cope
with whole batch-dynamic changes. The modeling strategy has
been motivated by the fact that a batch reactor goes through a series
of phases with substantially different characterizations. The models
in a state-space form have been further determined their minimal
phases individually [13,17,18] to eliminate uncontrollable and/or
unobservable states, which may causes poor control performances.
It is noted that the reduced state-space models can be developed
directly through empirical data by a subspace state-space identi-
fication method, in which a model-reduction approach is readily
built-in [5].

2. A proposed model predictive control

The basic idea of a MPC controller is to determine a set of control
moves over a control-horizon by minimizing some criteria subject
to a process-model and input/output constraints. The first value
of the controls is then applied to the process. In a formulation of
a conventional controller, a single model in a state-space form, as
shown in Eq. (1), is used to provide an output prediction and to
obtain process performance optimization (Fig. 1a).

X =Ax+Bu

where u, y™ are vectors of process inputs and measurable outputs,
respectively.

Nevertheless, in high non-linearity and non-stationary appli-
cations such a batch process, the controller with a single model

has proven in literatures to give poor control performance. This
is because it is rarely possible to describe entire batch-dynamics
with only one local-model due to time-varying behavior by nature.
The capabilities of the conventional controller will degrade as
an operating level moves away from an original design level of
operation.

2.1. Multiple reduced-models development

Multiple reduced-models are developed around different
pseudo-steady-states operating conditions, and utilized sequen-
tially in the proposed control strategy to cope with the entire batch
dynamics. Here, the batch process is divided into a certain period
(nm), in which the model j is employed to describe the system
dynamics within a particular duration t;_; <t <t;.

As state-controllability and -observability is commonly varied
along a batch operation, the models should reduce their orders
individually to avoid uncontrollable and/or unobservable states,
which may cause poor control performances. In this study, a set
of the reduced-models are obtained by applying the following two
steps: system diagonalization and determination of minimum real-
ization. Similar diagonal systems are firstly determined for simply
identifying truncated-states. Subsequently, pole-zero cancellation
is applied to provide minimum phases of the models.

By applying those steps, the reduced-model can be formulated
as

vl _ AlyT T
xj _A].xj +Bju

m — cmryr
Y i

(2)
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(Cmg-) 971, in which (nu) and (ny) are numbers of pro-
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cess inputs and outputs, respectively. The symbol (-)nrxnr denotes
the matrix that only first (nr) rows and columns are consid-
ered, in other words, the last (nx — nr) states are truncated. The
matrices ¢ and ¢ are transform matrices in diagonalization, and
minimum-realization steps, respectively. Noted that the matrix

(gj‘]Ajgj) is diagonal, in which its elements are eigenvalues of the

matrix A;.

2.2. A control framework

A control framework of the proposed control-scheme is shown
in Fig. 1b. The MPC formulation is established in which multiple
reduced-models are employed sequentially for predicting future
behavior of the process-outputs. Afterward the optimization prob-
lem is solved using a quadratic programming (QP). Noted that the
QP method can be implemented directly when original full-states
models are used.

As the models further reduce their orders individually, this pro-
vides multiple reduced-models with different orders (according
to their controllability and observability) and state-domains. State
transformation is required to give prediction consistency and con-
tinuity. It is also noted that although all reduced-models have same
orders, the transformation is still needed because of different state-
coordinates.

The transform matrix, K can be determined with the assump-
tion that, at a model switching time (k), two considered models
give same predicted values of both original full-states and measur-
able outputs. This is to preserve the primary direction of the states
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From Eq. (3), the matrix K; is,

11

-1
Kj = (C]'T+1Cj+1> C]IHCJ' (4)

X
where G = { Cer .The obtained transform matrix is solely depen-
dent on a systJem matrix C of the two adjacent models, in other
words, it is independent of the instant time.

To formulate a quadratic optimization problem, the reduced-
states of the other models used in the controller are replaced with
the correlation equation of those reduced-states and xJF (current
model j); for example, xer = (Kj)x]?, x]Y+2 = (KjHKj)XJF. and so on.
Comparing to the conventional MPC scheme, two additional steps
are required which involves models specification, and states trans-
formation. Now a whole batch behavior can be described using a
set of local-models sequentially, even the models are developed in
different state coordinates.

3. An exothermic batch reactor
3.1. Process description

A batch system consists of a batch reactor and a jacket heat-
ing/cooling system as shown in Fig. 2, in which two parallel
exothermic reactions occur in liquid phase as below:

A+B—-C and A+C—D

where A, B are raw materials, and C, D are desirable and undesirable
products, respectively. Further details of the system are given in
Appendix A.

For this system, the reaction rates must be controlled to limit a
production of D by heating reactor temperature () from its initial
value to a desired set point rapidly and maintaining it at this con-
dition. The optimal T; of 95 °C is chosen in this case. A jacket inlet
temperature (Tjsp) is used as a manipulated input, and can be regu-
lated by a heat exchanger. To reflect the actual process, it is assumed
that the ability of the jacket system is limited in a temperature range
between 20 and 120 °C by heat-exchanger capacity.

3.2. Model-construction

As discussed above, a batch control problem involves time-
varying and high non-linear behavior, non-stationary operating
conditions, and uncontrollable and/or unobservable states. There-
fore, three steps of linear time-invariant model construction have
been proposed in order to manage the problems as shown in Fig. 3.

1. Reference closed-loop profiles

Input Output

PROCESS

MPC based
linear time-variant
(LTV) models

2. Operating condition selection
(closed-loop profiles)

3. Model reduction

Fig. 3. Linear time-invariant (local) model construction steps.

Since dynamic behavior of the batch process is non-stationary,
there is no steady-state operating condition needed for local lin-
earization. So as to deal with this limit, reference closed-loop
profiles have been firstly determined. After that, a set of models is
obtained by linearizing an original non-linear fundamental-model
around different pseudo steady-state operating conditions chosen
in different parts along the reference profiles. To meet their con-
trollability and observability, the models have been further reduced
their orders individually.

4. Simulation results

In this study, reference closed-loop profiles have been obtained
as shown in Fig. 4a by applying an adaptive MPC controller. Its tun-
ing parameters including input weighting, a prediction horizon, and
a control horizon, are 0.5, 30, and 20, respectively. Heating period is
approximately between O < t < 17.1 min, to provide maximum heat-
ing resulting in raising-up T as quickly as possible from initially
20 to 95 °C. After that at t > 17.1 min (cooling period), the controller
starts cooling the temperature down to bring its change rate to zero,
and to limit the production of the by-product.

After 20.5 min, the temperature control is performed subse-
quently for maintaining the temperature change rate near zero. This
brings two unstable poles to left-half-plane (LHP) as seen in Fig. 4b.
In other words, the process dynamics regarding the reactor temper-
ature gradually move from unstable to stable responses. It is found
that the system behavior becomes more stable at t>61.3 min (all
negative poles, Re{A} <0).

4.1. Conventional MPC controller

It is noted that heating-up is inevitable, so therefore a switching
time from heating to cooling is a critical point of any designed con-
trollers. An effectively designed control of the temperature change
rate is then expected within this range. For developing the con-
ventional controller, the pseudo steady-state operating condition
is chosen only in a stable part, 61.3 <t <120 min, to provide stable
controller. Three operating conditions are chosen here to represent
the dynamics of the system for the whole operating range: (i) at
time t=80min, (ii) at time t=100min, and (iii) at the final batch
time ¢ =120 min.

The studied batch system has two zero-, two positive- and
two negative-value poles (six full states); hence, it is analytically
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Fig. 4. (a) Control performances of an adaptive MPC controller: reference profiles.
(b) Control performances of an adaptive MPC controller: poles of the batch system.

unstable. The two zero-value poles can be cancelled by a pole-
zero cancellation, this results in a minimal phase of the model
with four reduced-states. The cancellation can be obviously seen by
using process transfer-function. As controllability and observability
matrices of the batch have four ranks, a further model-reduction is
not needed in this case.

Fig. 5 shows a comparison of control performances of three
conventional controllers using different minimal-order models. It
has been found that, one with the model derived at time 100 min
provides the smallest IAE (integral absolute error: IAE =760). For
one with the model derived at time 120 min, the largest over-
shoot is remarkably observed (IAE =784). Furthermore, one with
the model derived at time 80 min provides the slowest control
response (IAE=803). It should be noted that the controller with
the model derived at t <80 min provides sluggish response, and is
rather sensitive to mismatches.

4.2. Proposed MPC controller

As seen in Fig. 5, the conventional controller with the model
developed at time 80 min provides good control response at the
beginning without overshoot, approximately 0-30 min. After that,
the control response slightly deviates out of the set point, but is

Control performances of three conventional controllers
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Fig. 5. Control performances of three conventional controllers.
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Fig. 7. Closed-loop profiles with heat transfer coefficient change.

finally driven back to the set point. In order to improve the perfor-
mance, two reduced-models running in series are then employed
in the controller algorithm.

The control performance of the controller with a sequence of
two reduced-models, which are derived at time 80 and 120 min,
is shown in Fig. 6a. It can be seen that the control response after
30min is significantly improved via using the second model. As
sampling time is of 0.1 min, the output prediction is achieved 3 min
ahead for each MPC calculation. A sequence of using the models
is plotted with time as shown in Fig. 6b. For t<27 min, the first
model is used in the proposed controller. After that both models
are employed in time range 27-30 min, because the prediction hori-
zon covers both models. This is followed by using only the second
model, t > 30 min.

The proposed MPC have also been examined by increasing the
number of the reduced-models, however, it has been found that
the control performance is rarely improved. This is because the
stable period is limited in the range of 61.3-120 min, and the sta-
ble poles change negligibly. Accordingly, the temperature-control
performance can be significantly improved by using only two
minimal-models sequentially.

4.3. Effect of plant/model mismatch

As the controller is a model-based controller, it needs to be
tested for robustness with respect to plant/model mismatches.
Fig. 7 shows the responses of both conventional and proposed
controllers, when heat transfer coefficient decreases 30% from
its nominal value. The results show that the controller using
two minimal-models sequentially still provides reasonable control
response, whereas the conventional one cannot handle this mis-
match. The IAE values of both controllers in the presence of the
mismatch are summarized in Table 1.

Table 1
1AE values of both controllers in the presence of model mismatches

—30% Heat transfer coefficient +30% Rate constant

No. of models Integral absolute No. of models Integral absolute

error (IAE) error (IAE)
1 Unstable 1 865.0
1018 2 760.0

15 +30% Rate constant of the first reaction

110+ .
MPC based a single model
/' i

S T —— ]

MPC based 2-models
80+ E

70+ .

T(©)

B0 1

qwf .

30+ .

20 1 1 1 1 1
0 20 40 60 80 100 120

Time (min)

Fig. 8. Closed-loop profiles with rate constant change.

Similarly, kinetic data in rate equations may not be known
exactly. Here, it is assumed that the rate constant of the first reac-
tion increases 30% from its actual value. The proposed controller
is still able to cope with this mismatch. The reactor temperature
is maintained at the desired value (95 °C) with smaller overshoot
comparing to the conventional one as shown in Fig. 8.

5. Conclusion

It has been well known that model predictive control (MPC)
technology has been widely used in an industrial application.
However, a conventional controller is rarely applicable to batch pro-
cesses. This is because of non-stationary operating condition, which
is needed for a local-model development. To manage the problem,
three steps of a model construction have been proposed involving,
a reference-profile determination, an operating-condition selec-
tion, and a model-reduction. Simulation results have shown that
the conventional MPC controller with a reduced-model, developed
by follows the steps, gives reasonable temperature-control perfor-
mance. However, it is rather sensitive to plant/model mismatches.

Toimprove the control performance, a sequence of two reduced-
models has been employed in a MPC framework to cope with
time-varying behavior of the process. Full-models have been con-
structed around different pseudo-steady-state conditions along
reference profile. Afterward they reduced their orders individually
corresponding to their controllability and observability. Simula-
tion results have demonstrated that MPC with two reduced-models
running in series provides much better and more robust control
performances than the conventional one.
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Appendix A

Table A.1.

Reaction 1: A+B— C
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Table A1
Physical properties and initial conditions
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My, =30kg/kmol

My =130 kg/kmol

Cpa =75.31 kg/(kmol °C)
Cpc =75.31 kg/(kmol °C)
k! =20.9057

k! = 38.9057

AH, =—41,840 kJ/kmol
pr=1000kg/m?

Uy =40.842 kJ/(min m? °C)
Cpj=1.8828KJ/(kg°C)
V;=0.6812m3
Ma(0)=12 kmol

Mc(0) =0 kmol
T,(0)=20°C

My, =100 kg/kmol

My,q = 160 kg/kmol

Cop =167.36 kg/(kmol °C)
Cpa =334.73 kg/(kmol °C)
k2 = 10,000

k2 = 17000

AH, =—25,105 k] /kmol
r=0.5m

pj=1000kg/m?3
F;j=0.348 m?/min

Mb(0) =12 kmol
Md(0)=0kmol
T;(0)=20°C

Reaction 2: A+C— D

dMa

- Rk
dMb

ar -k
dMc

i Rk
dMd

o R

dly & +Q
dt — MGy

dr;,  FipCoi(T” = T)) - Q

de ViniCoj

where R; = kyMaMb, R, = k;MaMc, k; = exp [k} - k%/(Tr+273.15)],

ky = exp [k} — k2 /(T +273.15)], Wy = MwaMa + My, Mb + MwcMc +
MywaMd; Cpr =[CpaMa+CppMb + CpeMc + CpgMd]/My; My =Ma+Mb
+Mc+Md; Vi=W;/pr; Ar=2Vi[r; Qi=UiAx(T; —T;); Qr=— AH{R;
— AH,R,.
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