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Exothermic reactions are often performed in SBR because the generated reaction heat can be more easily
kept under control in such construction. However, an unsuitable control system can lead to the develop-
ment of thermal runaway, which may cause lethal damage. NMPC with implemented thermal runaway
criteria is a promising tool to operate SBRs. However, engineers should always consider plant-model mis-
match because uncertain predictions can cause undesirable scenarios. A novel control framework is pro-
posed to operate SBRs and consists of NMPC with the implemented runaway criterion, extended Kalman
filter and parameter identification algorithm. Both Multi-Stage NMPC and NMPC with the worst-case sce-
nario are investigated and tested in terms of ability to handle parameter uncertainty. The former is 38
times slower than the latter with no noticeable increase in reactor performance. NMPC initialized based
on the worst-case scenario with updating uncertain kinetic parameters results in a promising control
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1. Introduction

Semi-batch reactors (SBRs) are widely applied for highly
exothermic chemical reactions so operators can more easily keep
the reactions under control. If one of the reagents is slowly fed
to the other component(s), which is already in the reactor, the
feed rate of reagents affects the heat evolution, so it can be con-
trolled, and a suitable cooling system can be designed to remove
the evolving reaction heat (Westerterp and Molga, 2004). For ex-
ample, the oxidation of 2-octanol with nitric acid (van Woezik and
Westerterp, 2000), Williams-Otto process (Rossi et al., 2016) and
synthesis of lithium-etinolate are performed in semi-batch reac-
tors.

The design of the reactor structure with all necessary compo-
nents and the design of the operating strategy should be based on
the mathematical model of the proposed system. The feeding tra-
jectories are generally quite simple using a constant feeding rate
over the entire process. Based on the initial conditions and prop-
erties of the reactor system, safe operating parameters can be de-
fined with a constant feeding rate by calculating a safety boundary
diagram (Zhang et al., 2019). A constant feeding rate can result in a
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higher batch time than a varying feeding rate during the operation.
However, the constant feeding rate is necessary to keep the system
in the safe operating regime if our information about the real pro-
cesses contains uncertainties, which we do not address during the
operation.

Moreover, engineers should always plan for plant-model mis-
match, since it is difficult to obtain a model that describes the
plant with sufficient accuracy. The plant-model mismatch can re-
sult in an undesirable event during the operation, and its preven-
tion is necessary. Many methods can be found in the literature to
handle this problem, such as considering uncertain parameters or
applying state observers. Model Predictive Control (MPC) can pro-
vide a robust control approach to handle uncertainties of the sys-
tem, where the feeding rate can be optimized. MPC is an advanced
control system and can handle system boundaries (Rawlings and
Mayne, 2009). An excellent review on the history of industrial MPC
applications can be found in (Qin and Badgwell, 2003). Param-
eter uncertainty can be considered by applying the well-known
min-max formulation (Kithl et al., 2007), multi-stage methods
(Lucia et al., 2013), or tube-based methods (Mayne et al., 2005).
Min-max MPC takes into account the worst-case realization of the
parameter uncertainty, although it is conservative and may result
in an infeasible optimization problem (Scokaert and Mayne, 1998).
The conservativeness of min-max MPC was reduced by taking into
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Nomenclature

c concentration [kmol/m3]

Cp heat capacity [Component A...G: kJ/kmolK; water:
KkJ/kgK]

d reactor diameter [m]

e control error

E activation energy [kJ/kmolK]

F feed rate [m3/s]

F; coolant feed rate [m3/s]

h reactor height [m]

i ith scenario

| runaway indication

k kth time instance

ko pre-exponential factor

MAT maximum allowed temperature [°C]

n moles [kmol]

N number of scenarios

oP controller output

p parameters

PST process safety time [s]

PST. critical process safety time [s]

r reaction rate [kmol/m3s]

I, It partial derivatives of the reaction rate with respect
tocand T

Sp component fraction of component “P”

t time [s]

T temperature [°C]

u control input

U heat transfer parameter [kW/mZ2K]

RD relative deviation

Qgen generated heat [Kk]/s]

Qrem removed heat [k]/s]

X state vector

XKC conversion of key component

\% reactor liquid volume [m3]

V; jacket volume [m3]

w weight factor

AH; reaction heat [kJ/kmol]

0 density [kg/m3]

ol weight factor of ith scenario in PHA

Al weight factor of ith scenario in PHA

Subscripts

0 initial conditions

control control horizon

C cooling agent

dos dosing

F feed

dos dosed

i ith component

in,i feed concentration of ith component

] jacket

pred prediction horizon

R reactor

account the future feedback information (Thangavel et al., 2018).
Multi-stage MPC realizes the uncertainty by a tree of discrete sce-
narios, where each scenario must satisfy the predefined constraints
(Lucia et al., 2013). Puschkle and Misos proposed a robust fea-
sible multi-stage economic nonlinear model-predictive controller
(eNMPC) with a heuristic multi-model approach, where the worst-
case scenarios are generated based on sensitivities. They neglected
the scenarios on the edges of the uncertainty set with low sensi-
tivity (Puschke and Mitsos, 2018). A review of eMPC is found in

(Ellis et al., 2014). Holtorf et al. presented Multi-Stage NMPC with
on-line generated scenario trees that do not directly scale with the
number of uncertain parameters (Holtorf et al., 2019).

In reactor operations, the first objective should always be the
safe operation, especially when SBRs perform highly exothermic
reactions, since a poorly designed reactor or poorly chosen op-
erating parameters can lead to the development of reactor run-
away. Although the phenomenon of thermal reactor runaway is
well known, lethal accidents unfortunately still occurred in the
recent past. The root cause of Seveso-disaster was thermal run-
away in 1976 (Fabiano et al.,, 2017). In 2001, a polymerization re-
actor exploded because of a reactor runaway (Kao and Hu, 2002),
and in 2007, an explosion occurred at T2 Laboratories, which
caused the death of four people (Hall, 2010). Thermal runaway re-
sults in a rapid and significant temperature increase in the reac-
tor, which can lead to explosion through the vaporization of re-
actants. The temperature increase in the reactor accelerates the
heat generation because of the higher reaction rate, which fur-
ther increases the temperature and may result in reactor runaway
(Schweitzer et al., 2010). There are several runaway criteria, which
classify the reaction operation states as runaway or non-runaway,
so these equations can be applied to predict the development of
thermal runaway (Kummer and Varga, 2019). Tailored runaway
criteria were developed to obtain a more system specific critical
equation (Kummer et al., 2019).

Adequate models of batch reactors can be used for a nonlinear
model predictive control (NMPC) (Findeisen et al., 2007). More-
over, batch and semi-batch reactors that perform highly exother-
mic reactions can have highly nonlinear process dynamics, and the
controller must cope with it. NMPC can be a suitable tool to han-
dle nonlinear processes and is gaining more attention because it
can capture detailed nonlinear dynamics of the system through-
out the entire state space (Seki et al., 2001; Yu and Biegler, 2019).
Since the goal of reactor operation is to maximize productivity
while keeping the operation safe in the entire production time,
prevention of thermal runaway is necessary. Thermal runaway cri-
teria (Strozzi-Zaldivar and Modified Dynamic Condition) were im-
plemented in NMPC to reliably indicate the development of run-
away (Kummer et al., 2020).

Different stability analyses to predict the development of ther-
mal runaway were successfully implemented in NMPC, such as
the batch simultaneous model-based optimization and control
(BSMBO&C) algorithm. This algorithm is an extension of NMPC and
dynamic real-time optimization (DRTO) techniques, which use a
Boolean term that penalizes the objective function when the con-
troller system is close to thermal runaway (Rossi et al., 2015). Spe-
cific classes of deterministic NMPC/DRTO frameworks can identify
reactor runaways under parameter uncertainty too (Rossi et al.,
2017). Strozzi-Zaldivar criterion can be too strict; hence, it is not
suitable to analyse the stability of semi-batch reactors in some
cases (Kummer and Varga, 2017). Kdhm-Vassiliadis criterion for
exothermic batch reactors was introduced to overcome this prob-
lem, and the proposed stability criterion can be successfully ap-
plied in batch reactor control to perform highly exothermic reac-
tions (Kihm and Vassiliadis, 2018a). This method was also success-
fully generalized to calculate with multiple reactions (Kihm and
Vassiliadis, 2019). Their stability criterion was applied to an in-
dustrial case study and they considered the parameter uncertainty
during the process control (Kanavalau et al., 2019). Lyapunov ex-
ponents as an indicator of stability were successfully realized in
NMPC to control batch reactors (Kihm and Vassiliadis, 2018b).
The operation of an industrial semi-batch polymerization reactor
was optimized by considering a cooling system failure (Abel et al.,
2000). The interaction between control and safety systems was
also studied, where an LMPC (Lyapunov-based MPC) system was
integrated with the activation of a safety system in a CSTR to avoid
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thermal runaway (Zhang et al., 2018), and a good review about
LMPC can be found in (Albalawi et al., 2018). Recently, two new
NMPC-based methods were introduced to solve the closed-loop dy-
namic optimization problems, which were tested on a semi-batch
reactor with potential runaway reactions, where the adiabatic tem-
perature rise was considered to avoid reactor runaway. The first
method is based on an adaptive backing off of their bounds along
the moving horizon with a decreasing degree of severity. The
second method is a chance-constrained control approach, which
considers the relation between the uncertain input and the con-
strained output variables. Both methods consider the unexpected
disturbances in advance, which results in a robust control approach
(Arellano-Garcia et al., 2020).

We propose a control strategy for SBRs that perform potential
runaway reactions, where the parameter uncertainty is considered.
We consider the multiplicative uncertainty, so the model matrices
are uncertain. The most crucial uncertainty sources from the reac-
tor runaway viewpoint can be the kinetic parameters, heat trans-
fer parameters and mixing efficiency for SBRs. The uncertainty in
kinetic parameters is considered the source of model-plant mis-
match in our work. NMPC with the embedded runaway criterion
can be an effective tool to keep the reactor in the controllable
zone, while the productivity is maximized. We investigated worst-
case scenario and Multi-Stage NMPC to handle parameter uncer-
tainty, although the computation cost of MS-NMPC is much higher.
The goal is to develop a control framework for SBRs with exother-
mic reactions, which can be applied online in real reactor systems,
so the computation time is critical. Therefore, we investigated the
worst-case scenario with iteratively updating uncertain parameters
by the least-squares method. NMPC naturally includes the model of
the process, although the real process in this case is also a model.
Our future work will be about implementing the proposed con-
trol scheme into a real laboratory reactor system. Currently, we can
generate a plant-model mismatch to investigate the proposed con-
trol framework.

2. Proposed control structure of SBRs

This section will introduce the proposed general control
methodology for SBRs that perform potential runaway reactions.
The practical application of this control structure will be presented
in Sections 3-4.

Our perspective is that using an NMPC with implemented run-
away criterion can be an excellent solution to control SBRs, but we
must handle parameter uncertainty to develop a reliable indica-
tion tool. The proposed control scheme for SBRs is shown in Fig. 1.
When exothermic reactions occur in the reactor, the poorly iden-
tified kinetic parameters (or other model parameters) can easily
lead to the development of thermal runaway in the application of
the most appropriate criteria. In the proposed control scheme, the
parameter uncertainty is handled by the combination of state es-
timation and a model identification algorithm. Since thermal run-
away can have lethal consequence, the parameter uncertainty must
be handled so that the probability of runaway is close to zero. For
this purpose, Multi-Stage NMPC or worst-case scenario can be ap-
plied. Although we investigated Multi-Stage NMPC, its high com-
putational cost is not encouraging (see Section 4.2.1); hence, we
suggest applying the worst-case scenario with updating uncertain
parameters (see Sections 4.2.2-4.2.3).

In Fig. 1, u is the control inputs, y is the reactor measurement
outputs, x is the estimated states of the reactor, and %; is the re-
quired estimated states for model parameter identification. This
scheme is a general representation of the proposed control struc-
ture. In our case, u consists of OPr and OP¢ (valve positions in the
feed line and cooling agent line, respectively). y includes Tg, T;, and
V, (reactor temperature, jacket temperature and liquid volume in

MPC
u y
Optimization SBR
Model
State estimator

% -

Runaway [ i
criterion

p Model parameter

identification

Fig. 1. Proposed control scheme for SBRs.

the reactor). X consists of ¢, T, and T] (estimated concentration, re-
actor and jacket temperature, and reaction rate constants). X; in our
case includes k (reaction rate constants), and p consists of ko and E,
which are identified parameters. In the following sections, we in-
troduce parts of the proposed control structure in more detail.

2.1. Temperature control of SBR

The main goal of the SBR operation is similar to any other kind
of reactor or process unit, such as to maximize the productivity
while keeping the reactor safe during the entire operation. The re-
actor temperature is controlled by manipulating the flow rate of
feeding reagents (TV001) and cooling agent (TV002) into the reac-
tor jacket, which is the often applied scheme. The control structure
of the reactor system is shown in Fig. 2. The mass-flow of reagent
feed is integrated, the amount of fed reagent is calculated (V;),
and the liquid level is measured with LITO0O1. When the required
reagent is added (V) the reactor temperature control switches
the actuator, and the temperature is controlled by manipulating
the flow of cooling agent in the mixing phase, which was 80% of
the total cooling capacity in the first phase of operation.

TV001

Vios < Vidos,0
TV002 M

Actuator =
{ Vdos,O = Vdos

A safe operation is characterized by applying two safety reg-
ulations. One of them is a predefined Maximum Allowable Tem-
perature (MAT), so the reactor temperature (TITO01) cannot exceed
MAT. The other safety bound is applying a thermal runaway crite-
rion to avoid dangerous runaway states. Runaway criteria classify
runaway and non-runaway states based on the state variables and
parameters of the studied process (concentration of reagents, pro-
cess temperature, heat of reaction, heat transfer parameter, etc.).
Therefore, avoiding runaway states increases the safety of the reac-
tor operation. We applied the Modified Dynamic Condition (MDC)
in the proposed control scheme (Kummer and Varga, 2019). The
MDC states that the product of the increase in heat removal with
increasing temperature and the generated to removed heat ratio
must exceed the difference between the rate at which the heat
generation increases as a result of an increase in temperature and
the reduction in the reaction rate as a result of a decrease in
reagent concentration. If the MDC is satisfied. the reactor states are
considered non-runaway (i.e., normal) operation.

am
dac

0gen

erem (gen
aT = AT Grem @)

B dT qrem
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Fig. 2. Proposed control structure of SBRs.

where g, is the generated heat in the reaction, grem is the re-
moved heat, and m is a mass balance function.

Let us introduce variable I(k) to evaluate the reactor operation
based on runaway and non-runaway states. If Eq. (2). is satisfied,
then I(k) =0 (normal operation); otherwise, I(k) =1 (runaway),
where k is the k-th time instance.

2.2. Open-loop optimization problem

The goal is to maximize the productivity while thermal run-
away does not develop, so the conversion of the key component
(xkc) and selectivity for the product (Sp) are considered in the ob-
jective function next to the runaway states (I;), and higher reactor
temperatures than MAT (e™) should be avoided. The objective func-
tion (or stage cost if we refer to Multi-Stage NMPC) is denoted by
L, which represent a general cost function. The terms of the cost
function are weighted (wy, ws, wy, w;, wr), so a well performing
control can be reached in different applications. In the third term
in Eq. (4), significant changes in the manipulated variables are pe-
nalized.

et = max(Tgx — MAT; 0) (3)
L= —wWuXgc — WsSp + Wyt — Uy_q| + Wil +wre™ 4)
min 2%

u D L% we) (5)

k 0

which is subject to
Xie1 = f (X, U, di) (6)
0 < u, <100% (7)

where u;, € R™uy, is the control input (control valve), n, is the
number of control inputs, each state (x,,; € R™) is a function of
the previous state (x;), and ny is the number of states. The realiza-
tion of uncertainty is denoted as dj € R"¢, where ng is the dimen-
sion of the uncertainty vector.

2.3. NMPC to handle parameter uncertainty

We always must count on plant-model mismatch, so we must
address the parameter uncertainty. This section introduces the for-
mulation of Multi-Stage NMPC and Worst-case Scenario to handle
this problem.

2.3.1. Multi-Stage NMPC

Fig. 2 illustrates how the Multi-Stage NMPC works with the
given horizon lengths. For Multi-Stage NMPC, combinations of
maximal, minimal and nominal values of uncertain parameters are
considered, which usually results in a robust behaviour of the con-
troller (Thangavel et al., 2018).

Each path of the scenario tree is called a scenario and indicated
as i, and it contains all states xi and control inputs uf( of scenario
i. The set of all occurring indices (j,k) is denoted by T Lucia, 2014).
The number of scenarios is introduced by N. The cost of each sce-
nario is considered with the same weight, so the mean value of the
costs will give the objective value. The formulation of Multi-Stage
NMPC is shown in Egs. (8)—((11).

. N Eprea
min 1 S
uj ZNZLI'(X;(, uj(,d;{) (8)
ko izt 0
which is subject to
X, = f(xg@, ul, d,{) V(. k+1)eT 9)
O<ul <100% V(jk)eT (10)
ul =ul if 8O =xPO V(jk), (k) eT (1)

where xf:(i) is the parent node. To correctly represent the real-time
decision problem, the control inputs cannot anticipate the values of
the uncertainty that are realized after the corresponding decision
point. It is important because it is not possible to give multiple in-
put variations to the process at the current state (Puschke and Mit-
sos, 2018). This condition is enforced by Eq. (11), which represents
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1 1 1
o X2 wpd} B uldi M
A
2 2
2 42 X X
uzdy 2 ujdf 4
3 3
343 X 343 X
u; d; 3 uzdy A
4
4
ujd} x3 ujdj X
5 5
*o u3di B ufd3 X
6 6
wag s o
7 7
ujd] 3 ufdi M
8 8
ufdf B ufaf

9
9 459 X
uzds 4

Robust horizon = 2

Prediction horizon = 4

Fig. 3. Tree representation of the uncertainty evolution for a Multi-Stage NMPC
(Thangavel et al., 2018).

the non-anticipativity constraints that require all control inputs at
the same node to be equal. In Fig. 3, this condition implies that
w=uwd=ud; ul =u2=ul;... [36].

The optimization problem was solved by the modified progres-
sive hedging algorithm, which is a decomposition algorithm, where
non-anticipativity constraints are relaxed by penalizing the dif-
ference between the control inputs that should satisfy the non-
anticipativity constraints. Its advantage is that the scenarios can
be independently solved, so the following Eqs. (12)-((15)) opti-
mization problem must be solved. As shown by S. Lucia apply-
ing a longer robust horizon of one does not significantly improve
the result, but it requires more computational effort, because the
size of the optimization problem increases exponentially with it
(Lucia, 2014). Since the length of robust horizon is one in this case,
only the first control inputs (u{)) of different scenarios must satisfy
the non-anticipativity constraint.

min S S L N2

ul Li(xk. . di) + A (uh — ) + o' (u) — i) (12)
K

which is subject to

X, = f(xﬁ”'), ul, d,{) V(. k+1)eT (13)

0<ul <100% VY(jik)eT (14)

LIPS (15)

=]

) N
=3
i=1

where ﬂ{) is the fictious value towards which the control inputs
converge to satisfy the anticipativity constraints. Parameters Al
and p! are updated at each iteration to improve the convergence,
where the update rule is:

A=A+ pl (uf — dp) (16)

pi = min(ﬂpi, ,Omax) (17)

where B determines the increase of pl. Eqs. (12)-(15) are iter-
atively solved until max(u} — @) < €. After several iterations the
non-anticipativity constraints are satisfied with desired tolerance
e.

2.3.2. Worst-case scenario

Two non-desired scenarios can be distinguished. In the first
scenario, the reaction rate is much higher than expected; then, the
generated heat will be much higher in the process than the model,
which may cause thermal runaway. In the second scenario, the fed
reagent accumulates because the reaction rate is lower than ex-
pected. When the concentration increases to a critical point, the
reaction ignites, and thermal runaway may occur. To select the
worst case scenario. we must choose between these two possi-
ble scenarios. There is a huge difference in ignition time between
these two scenarios. The first scenario results in a more conser-
vative solution, since the ignition time is lower; hence, if we can
handle the first scenario, we can also avoid the second scenario.
Therefore, we suggest kinetic parameters for worst cases that re-
sult in higher reaction rates, and we will apply the first scenario
as the worst case by increasing the pre-exponential factor (kg) and
decreasing the activation energy (E) to the edge of the confidence
interval.

2.4. Parameter identification

The logarithm of the reaction rate constant (k) linearly varies
with the reciprocal of temperature (Eq. (18)), so the least squares
method can be applied to estimate the pre-exponential factor and
activation energy of the reaction.

- - E
In(k) = In(ko) — 7T

Estimated reaction rate constants are required to calculate
Eq. (18), so the state observer is necessary in the control structure.
Since the reliability of the estimated kinetic parameters depends
on the reliability of the state observer, we implement a condition
that must be satisfied to overwrite the actual kinetic parameters.

(18)

RD = 10022 < 1% (19)
Mp

where pp and o, are the mean and standard deviation of uncer-
tain parameters. Due to this condition, the estimated kinetic pa-
rameters do not significantly vary, so our reliability in these pa-
rameters is higher. If the estimated parameters are far away from
the worst case scenario the uncertain parameters are not updated.
Therefore, we update these parameters if Eq. (19) is satisfied and
if the estimated values are within the confidence interval.

2.5. State estimation based on the extended Kalman filter

In real systems only some measurements are available online
(see Section 2.1), and usually each or none of the concentrations
cannot be measured online. Therefore, state estimation of the sys-
tem is necessary to use an effective NMPC in real systems. We
must estimate the concentration of reagents and products and use
it as a feedback in NMPC. The state estimation is necessary to
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identify uncertain kinetic parameters. The extended Kalman filter
is a suitable algorithm to estimate states of non-linear systems
(Qu and Hahn, 2009; Khodadadi and Jazayeri-Rad, 2011), so we im-
plemented this algorithm. If there is a closed-form expression for
the predicted state as a function of the previous state (&}), controls
(u,) and noise (wy), the predicted state is calculated by Eq. (20).

Ripr = F (R e, W) (20)

The measurement is the function of the state (x;) and measure-
ment noise (vy).

Z = h(x, 1) (21)

Typically for SBRs, the measurement vector (z;) consists of tem-
perature and level measurements, and the state estimation vector
X, consists of concentrations and temperatures.

To improve the state estimation accuracy, additional variables
were implemented into the model of EKF, which are the reaction
rate constants of the reactions (k;). Estimating new state variables
in EKF is not time consuming, and it does not increase the compu-
tational time. To solve this issue, we must know how the reaction
rate parameters vary with time; since the reaction rate parameter
varies with temperature (k = k(T)), the following equation is de-
fined:

dk,  dk, dT El> E dT

G = dTdr "Ovl‘”‘p(‘ﬁ RTZ dt (22)

2.6. Process safety time to define the length of the prediction horizon

In case of MPC the prediction horizon must be sufficiently long
to capture the first runaway states, so these states can be avoided
during the reactor operation. Runaway criteria can be applied to
define the length of prediction horizon by defining the first time
instant when a runaway state occurs (also called the process safety
time, PST) according to the applied runaway criterion. The PST can
be defined as follows:

PST = argming (I, = 1) (23)

Since the PST is a function of state variables and system pa-
rameters, we must calculate the PST for the worst case, which is
called the critical PST. Thus, the SBR system must be considered a
batch (i.e., if undesired events occur in SBRs, our first action should
be closing the feeding valve of reagent), and we must calculate
with those state variables where the probability of accumulation
is the highest (low reactor temperature, initial reagents concentra-
tion, etc.). Different scenarios (i = 1...n) must be analysed by vary-
ing the initial concentration of reagents (which are fed into the re-
actor) to define maximum process temperatures (T nax) and pro-
cess safety times (PST(). Critical initial states (xo.) will be these
initial states where the maximum process temperature equals MAT.
Length of prediction horizon will be the PST at critical initial states
(Kummer et al., 2020).

Eored = P5T|i(TR,maX:MAT) (24)
3. Process model and analysis

This section presents the process model of the investigated fed-
batch reactor from Williams-Otto process, where normal and ab-
normal operations that cause thermal runaway are presented. The
process safety time of the system is also calculated to define the
length of the prediction horizon.

3.1. Process model of the reactor system
The Williams-Otto process (WOP) has been used for years

to test different control and optimization algorithms Arellano-
Garcia et al., 2020). We optimize the fed-batch version of this

process as presented in (Rossi et al., 2016). In the Williams-Otto
process three exothermic reactions occur, which are presented in
Egs. (25)-((27) followed by the equation of reaction rates.

A+B—C = kojexp(—% )cAcB (25)
E;

B+C—P+E nry= ko,zexp<—ﬁ )cgcc (26)
E;

C+P—-G 3= k0,3exp<—ﬁ )Cccp (27)

Component A is preloaded and component B is continuously fed
into the reactor. The desired product is component P, and two co-
products can be formed: components E and G.

The following differential equations Eqs. (28)-((31)) describe
the dynamical behaviour of the reactor system:

dCi Fin . Ne .
E = Vi (Cén — Ci) + Z U,']R] i=1..N¢ (28)
1=1
1] S—
a F (29)
Fin 3N cNep,
Tk _ 71[] (T-Te) + 72;1 i Pi (T - Tx)
dt DY, ciepi VR 2-15 cicpi
N AH, R
_ Zl=l\1, I\ (30)
> i GiCDi
de 4UVy F] .
— =—— (g =T;) + = (T" - T; 31
dt DRVj,Oijj( R J) Vj( J j) ( )

The kinetic parameters, component properties and reactor
constructional and operating parameters are summarized in
Tables 1-3. The parameters will be handled as nominal hereinafter.
The constraints are defined in Table 3, such as the MAT, and max-
imum feed rates of the reagent and cooling agent.

Table 1
Kinetic and thermodynamic parameters of reactions (Rossi et al., 2016; Sriram and
Stevens, 1973).

Parameter Value Unit
Pre-exponential factors Ko 1.3833 10° .
ko2 6.0098 107
ko3 2.2288 10'!
Activation energies ) 6450 K
b 8778.5
B 11,155
Heat of reactions AH;; —-1.851 10° 2L
AH;» —2.5765 10°
AH;3 ~5.053 10°
Table 2

Component properties (Rossi et al., 2016; Sriram and Stevens, 1973).

Component Molecular weight Specific heat
[kg/kmol] [kJ/kmolK]

A 142 321.204

B 60 127.14

C 202 352.288

E 81 166.212

P 181 426.617

G 383 844.132
[kJ/kgK]

Cooling agent (water) 18 4.186
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Table 3
Reactor constructional and operating parameters (Rossi et al.,
2016; Sriram and Stevens, 1973).

Parameter Value Unit
d 1 M

h 3.5 M
v, 0.8236 m3
U 0.8 by
Cin 1 ol
Tink 298 K
Tinj 298 K
CoA 1 gl
Vo 0.5 m3
Tor 312 K
Toy 308 K
Fmnax Te-3 =
Fjmax le-2 m
MAT 335 K

1200

1000

800 -

600

Maximum tem perature [K]

400 .

200

15}\\(/_(,___(/(/“ "
20 30

Dosing time [hr] 2 0 e s
Fj [m~/hr]

Fig. 4. Reactor behaviour at different dosing times and cooling agent flow rates.

3.2. Analysis of wop in SBR

The behaviour of the investigated reactor system was analysed
with no control system (i.e., the B reagent feed is constant), where
the maximum process temperatures are analysed in functions of
the dosing time and flow rate of cooling agent. The remaining ap-
plied parameters are shown in Section 3.1. As shown in Fig. 4,
poorly chosen operating parameters can develop thermal runaway.
According to the model, the process temperature can exceed 900 K.
The maximum temperature rapidly increases, and there is no inte-
rior point between normal process temperatures (under MAT) and
runaway temperatures (>900 K). Although the optimal feeding tra-
jectory can increase the productivity, increasing the flow rate of
cooling agent enables an operation with less dosing time, as shown
in Fig. 4.

Runaway states are distinguished by the MDC criterion, and the
derived critical equation for the process is introduced in Eq. (32).

nr nc

nr
Z _AHr,jrj,TV - Z Z T']_c“ =
I=1

=1 i=1

nr
Yo —AH, vV (32)
T T,

where nr is the number of reactions, nc is the number of reagents
in the L-th reaction, ry and r. are the derivatives of the reaction

-5
710 .
—R1
—R2

R3||

=
o

£
3

E -
)
2
c
c
S
3
®©
O

m .

0 ‘ ‘ ‘ ‘ ‘
0 0.5 1 1.5 2 25 3

Time [hr]

Fig. 5. Reaction rates during an operation (Dosing time: 1.8 hr, Feed rate: 0.55
m3/hr, Cooling flow rate: 36 m3/hr).

rate with respect to temperature and concentration of reagents re-
spectively.

To avoid thermal runaway uncertain kinetic parameters are
quite significant, so we investigate how the parallel reactions dom-
inate during the reactor operation. Fig. 5 shows the reaction rates;
the first reaction (R1) has the highest rate during the whole oper-
ation. To investigate the proposed control scheme, we only choose
the kinetic parameters of the first reaction as uncertain. Because
the first reaction is dominant, the uncertainty of this reaction has
the highest effect on the behaviour of the reactor.

3.3. Process safety time of the system

As presented in Section 2.6, the length of the prediction hori-
zon can be defined based on the process safety time of the sys-
tem. Maximum reactor temperatures and PSTs are investigated, as
shown in Fig. 6. MAT is reached at ~1.36 % initial concentration,
where the PST is 0.59 h. In this case, the minimum length of the
prediction horizon is 0.59 h.

3.4. State estimation of the investigated system

This section presents the efficiency of EKF on the investigated
model system. First Eqs. (28)-(31) were applied to estimate the
states of the system, and the measured variables are the reactor
temperature, jacket temperature and reaction volume (the inflow
rate is measured, which is the only parameter that increases the
reaction volume). The results are generated next to 5% parame-
ter deviation in pre-exponential factor and activation energy of the
first reaction.

As shown in Fig. 7a, the estimations of reagent concentration
are quite poor, which can result in false runaway indication and
thermal runaway of the system. If the first reaction rate parameter
(k;) is estimated the accuracy can be increased, as presented in
Fig. 7b. The state estimations are acceptable with this modification.

4. Results of NMPC

This section provides the results of NMPC with and without
parameter uncertainty. The performance improvement due to pa-
rameter identification is presented. The optimization problem was
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1400 . . . . . ' 0.7
—_—
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© 1000 0.5
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<
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£ 800 0.4
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£ 600 0.3
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=
400 0.2
|
200 0.1

06 08 1 12 14 16 18
Initial concentration of B reagent [kmollm3]

Fig. 6. PST of the system according to the MDC criterion.

solved by the interior-point algorithm, where the algorithm pro-
ceeds a moving horizon (Vanderbei and Shanno, 1999). The applied
parameters, which were heuristically selected, are summarized in
Table 4.

]

1
A + CA + CB
= 08 + cc + cpl|]
g ’ —c4 ——CB
> —Cg —CpP
= 0.6 1
i)
g g T T T
é ++++++ Ty,
L,
g 0.2 +++ """‘1-....,1_
+
O N . .H.u-ﬂ-rﬂ FF e reererieT
0 0.5 1 15 2 2.5
E Time [hr]
1
a5 + CA4 * CRB
£ 08 + cc + cpl|]
E ’ €A —CB
3 —Co ——Cp
p= 0.6
il
g 0.4
c
3
c 0.2 1
o
O F
0 v
0 0.5 1 1.5 2 25
Time [hr]

Table 4

Parameters of NMPC.
Sample time To 100 s
Prediction horizon tpred 2200 s
Control horizon teontr 500 s
Weight factor in Eq. (4) We 500
Weight factor in Eq. (4) Wy 0.01
Weight factor in Eq. (4) wi 100

320
100

<315

% --------------------------------------------------- 80

% 310 60 g
] o
a 305 40 O
£

9]

= 300 | 20

295 0
0 0.5 1 1.5 2 25
Time [hr]

— 1 T T T q
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o

c

[s3
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Time [hr]

Fig. 8. Reactor operation with nominal NMPC.

4.1. Results of the open-loop control without parameter uncertainty

NMPC is tested without any uncertain parameter and the re-
sults are shown in Fig. 8. The reactor temperature stays far below

w
-
[6)]

+ Tp + Ty—Tp—1y

w
=
o

Temperature [K]
&
6]

w
o
o

295 ‘ : : :
0 0.5 1 1.5 2 2.5
Time [hr]
315 - -
[+ Tr + T —Tr—1;
1
<310
g
=
© 305
(0]
Q.
£
2 300
295

0 0.5 1 15 2 25
Time [hr]

Fig. 7. State estimation based on EKF.



A. Kummer, L. Nagy and T. Varga/Computers and Chemical Engineering 141 (2020) 106998 9

=T T,—OP -.-OPC‘ 100

R J F
315+
o & —_
Z310r 60 =
8 305 &
=3 40 ©
()
=300 20

o
©

o
=)

I
~

o
N

Concentration [kmol/m3]

o

0.5 1 1.5 2 25 3 3.5 4 4.5 5
Time [hr]

o

Fig. 9. Result of MS-NMPC with nominal kinetic parameters.
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Fig. 10. Results of NMPC with respect to the worst case.

MAT since the applied MDC criterion constraints the reactor oper-
ation that increases the process safety. At 2.5 h the conversion of
component A is 76%, and the yield of P is 37%. The average com-
putational time is 11.5 s per iterations in this case.

4.2. Results of the open-loop control under parameter uncertainty

The effect of the parameter uncertainty was analysed using two
different algorithms in Sections 4.2.1 and 4.2.2. In the first case,
Multi-Stage NMPC was applied, in second case, the worst-case
scenario was used to solve the optimization problem under pa-
rameter uncertainty. Kinetic parameters of the first reaction (kg 1,
E;) were chosen as uncertain, where the confidence interval is
+5%. Section 4.2.3 provides the results of the optimization prob-
lem when the uncertain parameters are updated iteratively.

4.2.1. Results of Multi-Stage NMPC

The Multi-Stage NMPC algorithm was tested where the uncer-
tain kinetic parameters were changed by 5%. Two uncertain param-
eters lead to nine scenarios. As shown in Fig. 9, the feed rates are
maintained at low values due to the uncertain kinetic parameters.
The reason is that the constraints must be satisfied in each sce-
nario, so the development of thermal runaway is avoided in each
scenario. Therefore, the results with Multi-Stage NMPC are conser-
vative compared to the nominal solution (Fig. 8). At 2.5 h the con-

W
N
=]

T T,—OP, ...opcf 100

T35
1< —_
5310 9
g o
2 305 o
g

~ 300

N
©
(3]

A B Cc E P G

e o ©°
> o
T T
I I

Concentration [kmol/m3]
o
[N}
T
.

o

0.5 1 1.5 2 2.5
Time [hr]

o

Fig. 11. Results of NMPC initialized from the worst-case scenario with updating ki-
netic parameters.
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Fig. 12. Result of the parameter fitness.

version of component A is 15.3%, and the yield of P is 2.4%. The
average computation time is 660 s per iterations, so real-time op-
timization is not feasible with the Multi-Stage NMPC algorithm.

4.2.2. Results of the worst-case scenario

The worst case is that the real reaction rate is higher than
expected, so in the worst-case scenario, the uncertain pre-
exponential factor increases by 5% (ko1 + 5%), and the uncertain
activation energy decreases by 5% (E;-5%). The NMPC results are
shown in Fig. 10, which naturally is a conservative result. The con-
version at 2.5 h is 45%, and the yield of product P is 16%. In the
worst-case scenario, the average computation time is 17.2 s per it-
erations, so real-time optimization is feasible with this algorithm.

4.2.3. Worst-case scenario with updating uncertain parameters

The results of the proposed control structure, which was ini-
tialized from the worst case, as shown in Fig. 11. With updating
uncertain kinetic parameters, the reactor temperature control be-
comes less conservative and improves the productivity of the op-
eration compared to the worst-case scenario.

At 2.5 h the conversion of component A is 74%, and the yield
of P is 36%. Fig. 12 shows the estimated uncertain kinetic param-
eters; based on the update criterion (Eq. (19) and estimated val-
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ues are within the worst case interval) kinetic parameters are first
overwritten at 0.61 h. The average computation time is 12.6 s per
iterations, hence the real-time optimization is feasible with this al-
gorithm.

Fig. 12 shows how the values of identified kinetic parameters
go to the real parameters as more information and measurement
is available about the system. Low relative deviations (<1%) indi-
cate that the identified kinetic parameters only slightly change, so
we can say that the identified kinetic parameters are near the real
system, and we can update the uncertain parameters.

5. Conclusion

A framework to keep SBRs with exothermic reactions under
control in the whole operation using a nonlinear model predictive
control approach is proposed. The framework was tested on the
semi-batch version of the Williams-Otto process including three
reactions. The proposed control approach can also handle the un-
certain kinetic parameters of reactions. In this work, the parame-
ters of the first dominant reaction are considered the source of un-
certainty in the model. The proposed framework consists of NMPC,
EKF and an identification tool. The Modified Dynamic Condition
was implemented into NMPC as an additional safety constraint,
and the reactor temperature cannot exceed MAT. EKF is neces-
sary to estimate the state variables of the reactor system and reac-
tion rate constants. Kinetic parameters can be identified with least
squares methods based on the estimated reaction constants after
some formal transformation.

We have compared the Multi-Stage NMPC solved by the pro-
gressive hedging algorithm and worst-case scenario. Each resulted
in a conservative solution, but the worst-case scenario NMPC has
lower computation time. In the case of MS-NMPC, the size of the
optimization problem increases exponentially with the length of
the robust horizon and with the uncertain parameters. Therefore,
we have decided to extend the worst-case scenario NMPC with
the state estimation and identification algorithms. The results show
that the proposed approach can handle uncertain kinetic parame-
ters, and can be applied in real reactor systems in which reactor
runaway can develop to ensure the optimal production.

Our future investigation will be about implementing the pro-
posed control approach into a lab-scale reactor system.
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