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Abstract

Thermal runaways in batch processes can lead to significant issues for safety and performance
during normal operation in industry. This is usually circumvented by running such processes
at lower temperatures than necessary, hence losing the opportunity to intensify production
and therefore reduce reaction time. The detection of the thermal stability of batch systems
can potentially be embedded in an advanced control scheme, therefore improving the perfor-
mance by being able to intensify the process, achieving higher yields while keeping a stable
operation.

The derivation of stability criterion K for high-order reactions is presented in this work,
resulting in better control when embedded in Model Predictive Control (MPC) schemes than
standard nonlinear MPC schemes, based on the work in Kéhm and Vassiliadis (2018). The
non-trivial extension of stability criterion K for multi-component reactions with application
to MPC systems is discussed in detail. The logic and verification of the form of the resul-
tant Damkohler number in particular is discussed and demonstrated with case studies. A
comparison of various MPC schemes is presented, showcasing that the implementation using
criterion K results in intensified processes kept stable at all times, whilst reducing computa-
tional cost with regards to standard nonlinear MPC schemes. Furthermore, reaction times

are reduced by at least two-fold with respect to processes run at constant temperatures.

Keywords: Thermal stability criterion, Model predictive control, Process intensification,

Batch reactors
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Nomenclature
Roman Symbols

Symbol

mB? mDares7 m’}/? mgst
N

na, N

St

Description

heat transfer coefficient area [m?]

concentration of component A, B and C, respectively [kmol m_g}

Barkelew number [—]

heat capacity of reaction mixture and coolant, respectively [kJ kg™! K‘l]

Damkohler number [—]

enthalpy of reaction [kJmol’l]
activation energy of the reaction [J molfl]
nonlinear function for differential equation [—]

equations for physical properties [—]

Jacobian matrix [—]

Jacobian matrix entry in row z, column [ [s7]

pre-exponential Arrhenius constant for the reaction [(m3 kmol*l)n_l S_l}
stability criterion coefficients [—]

number of differential equations [—|

reaction orders of components A and B, respectively [—]

volumetric folw rate of coolant [m?®s™!]

heat generation by exothermic reaction [J s_l}

universal molar gas constant [Jrnor1 K‘l]

reaction rate kmolm ’s™]

Reynolds number in reactor [—]

Stanton number [—]
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te, 1,

IR, Tc, Ty
Lref

U

Vr, Vo

T

Yi» js U

Greek Symbols
Symbol

€tol

Y

Aj

M

VA, VB

)

P pc

Ediv
Superscripts

Symbol

Other Symbols

time of simulation [s]
control and prediction horizon for MPC (s)

temperature of reactor contents, coolant and set point reaction set

point, respectively [K]

reference time for divergence of Jacobian s

heat transfer coefficient [[Wm~=2, K]

volume of the reactor and the cooling jacket, respectively [m?]
differential variable [—]

mass fraction, mole fraction and volume fraction of component j, re-

spectively [—]

Description

ODE solver tolerance [—]

Arrhenius number [—|

thermal conductivity of component j [W m~? K_l]

viscosity of component j [Pas]

stoichiometric coefficients of components A and B [—]
objective function for MPC algorithm [—|

density of reactor contents and coolant, respectively [kgm_?’}

error of the divergence [s7!]

Description

time step of simulation [—]
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Symbol Description
& divergence estimate at boundary of stability [s™]

K stability criterion [s7!]

1. Introduction

The loss of thermal stability in chemical reactions leads to an uncontrolled increase in
reaction temperature which can cause significant safety issues, an increased downtime of
reactors and hence high financial loss. In batch processes thermal runaways can occur which
then require the reactions to be stopped by inhibitors, making the product unsellable. If no
such action is taken an explosion or uncontrolled discharge of chemicals can result, bearing
high risks for the health of workers and the environment.

Model Predictive Control (MPC) is an advanced control scheme within which the control
variables of the system are optimised whilst considering system constraints. It is common in
literature to use a linearisation of the system present. This enables the application of linear
MPC schemes (Rawlings and Mayne, 2015; Ellis et al., 2014; Haber et al., 2011; Mayne and
Michalska, 1990). For linear MPC schemes the closed-loop stability can be proven theoreti-
cally by using Lyapunov functions (Huang et al., 2012; DeHaan and Guay, 2010). End-point
constraints are often employed for a very large prediction horizon if such a Lyapunov function
cannot be found. Larger time frames are necessary for complex and highly nonlinear systems
which leads to higher computational cost in order to guarantee stability. If the stability of
the system can be quantified by a criterion, this can reduce the time frame of simulation used
and hence reduce computational time.

Previous work on MPC for batch reactors considered applying linearised MPC schemes in
which the linear models are constantly updated during the process with continuous parameter
estimation (Nagy and Braatz, 2003; Kalmuk et al., 2017), or offline step response model
identification to model the system correctly at each operating point (Kufoalor et al., 2015).
Shrinking horizon MPC schemes were introduced in literature which optimise the batch
process over the whole process duration, hence proving to give stable operation but resulting
in very large optimisation problems with large computational cost (Simon et al., 2008).
Furthermore, MPC schemes were introduced in literature which make use of neural network
models of the system dynamics, which are then used for the optimisation stage within MPC
(Hosen et al., 2011). These approaches do not consider the thermal runaway behaviour of
batch processes specifically but assume that it can be dealt with by approximation of the

system dynamics around a nominal operating point. In this work an alternative approach is
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presented which makes use of the full nonlinear dynamic model, obtained from first principles,
to find the best inputs to the batch reactor system.

The application of MPC with an integrated stability criterion enables a safer process
control and the advantageous possibility of increasing the efficiency of exothermic chemical
batch processes. For the application of MPC to chemical reactors, accurate process models
are required. Hence stability criteria with as little computational cost as possible are of
profound importance, as detailed process models require high computational time.

The theory on thermal explosions (Semenov, 1940) characterises the change in stability
of stationary processes with simple reaction kinetics and is not adequate for the analysis of
dynamic systems.

The Routh-Hurwitz Criterion (Anagnost and Desoer, 1991; Stephanopoulos, 1984; Hur-
witz, 1895; Routh, 1877) is commonly used to quantify the stability of operating points for
continuous steady-state systems. This criterion requires that the dynamics can be linearised
close to such operating points. This cannot be done for strongly nonlinear batch processes,
as wrong predictions of system dynamics are obtained with such models. Hence it is not
applicable to the systems considered in this paper.

The Lyapunov exponent method enables to quantify the chaotic nature of processes
(Melcher, 2003; Strozzi and Zaldivar, 1994). The convergent or divergent nature of highly
nonlinear processes can be reliably predicted with this method. This characterisation re-
quires to simulate the nonlinear system for each differential variable for a given time frame,
which ideally should be infinitely large. Therefore, the evaluation of Lyapunov exponents
for nonlinear systems with many variables can be very expensive, which limits the applica-
bility to MPC schemes which require low computational cost. Nevertheless, its reliability at
predicting system stability is a key advantage for a potential MPC implementation.

The divergence method (Strozzi and Zaldivar, 1999; Arnold, 1973) also derives from chaos
theory; compared to Lyapunov exponents it does not describe the transition to instability in
a reliable manner. In Kdhm and Vassiliadis (2018) it was shown that using the divergence
criterion to detect thermal runaways in the exothermic batch reactions is not feasible. In
this work it is shown that for more complex reaction kinetics the divergence criterion is
not feasible for the detection of thermal stability either. Hence, the implementation of the
divergence criterion to MPC schemes leads to much less efficient processes.

In Rossi et al. (2015) a stability criterion was used to give a different advanced control
scheme. A Boolean variable which gives rise to the system stability is determined by an
algorithm. Similar to logarithmic barrier functions, this Boolean variable comes into effect
within the objective function if the process enters an unstable operating regime. The function

defining this Boolean variable is system-specific, which leads to large implementation costs
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for new systems. As for other penalty function methods, this approach can also lead to badly
scaled problems. It was tested if including the stability criterion within the objective function
would result in better control. The resulting problem, as expected, turned out to be badly
scaled and hence was deemed as not feasible.

The criterion for thermal stability introduced in K&hm and Vassiliadis (2018) enables
the efficient control of exothermic batch processes with small computational cost for the
implementation with MPC. The criterion of thermal stability C was developed for exothermic
batch reactions with overall reaction orders of 1 to 3, in which the reaction rate depends solely
on the concentration of one component.

The aims of this paper are twofold. The first aim is the extension of stability criterion IC
for exothermic batch processes with a single reaction composed of two reactants.

The kinetics of the analysed chemical reaction scheme have the following properties:
e the kinetics depend on the concentration of both reaction components

e the reactants each have varying stoichiometric coefficients

e the reaction order for each reaction component varies between 1 and 4

The second aim of this paper is to improve the efficiency of batch processes with the use of
stability criterion K implemented with MPC for all the above reaction schemes. Of major
importance for the implementation is computational cost and reliability.

The paper is organised as follows: in Section 2 the process models for each reaction scheme
considered, together with mass and energy balances are presented. In Section 3 stability
criteria found in literature are presented and assessed in terms of their feasibility of being
implemented with MPC. In Section 4 stability criterion /C, based on the divergence criterion,
is derived and the logic behind it is explained. The coefficients giving rise to criterion K are
presented and the resulting stability criterion profiles are shown for each process. In Section
5 process intensification based on criterion K embedded in a standard MPC scheme for
exothermic batch processes is presented. This novel control scheme is compared to standard
control schemes in terms of stability and computational cost. A detailed comparison of
each implementation is carried out to give recommendations for potential use in industry.
In Section 6 the results of this paper are summarised and possibilities for future work are

discussed.

2. Process model

2.1. Mass and energy balances for batch reactors

The batch reactor system considered in the following simulations is shown in Figure 1.
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Figure 1: Batch reactor diagram for simulated systems.

The overall mass balance of the reactor contents with respect to time ¢ is given by:

d (PVR)
dt

=0 (2.1)

where Vg is the reactor volume and p is the reacting mixture density.

The following reaction is considered to occur within the batch reactor:
vAA+ 1B — C (2.2)

where v, and vg are the stoichiometric coefficients of reactants A and B.
Therefore the mass of the three components A, B and C have to be known. The mass

balance for each reagent and product is given by:

d[A] B
Tl (23)
B _
Tl (24)
d[c] _
Tl (2:5)

where r is the reaction rate, presented in the following section.



183

184

185

186

187

188

189

190

191

192

193

194

195

197

198

199

201

202

203

204

205

206

207

The energy balance of the reaction mixture is given by:

d
& (pVRCpTR) = T (—AHT) VR —UA (TR — Tc) (26)

where C), is the reaction mixture heat capacity, AH, is the reaction enthalpy, U is the heat
transfer coefficient from reactor contents to the cooling jacket, A is the heat transfer area of
the cooling jacket, and Ty is the coolant temperature.

The energy balance for the cooling jacket is given by:

d
N (VepcCpocTe) = qcpcCpc (Tejn —Te) +U A (Tr — Tc) (2.7)

where V¢ is the cooling jacket volume, pc is the coolant density, C,c is the coolant heat

capacity and T¢ i, is the coolant inlet temperature.

2.2. Reaction kinetics

The reactions analysed in this work occur in a homogeneous liquid phase. Furthermore,
the reactions are assumed to be irreversible and exothermic. The reaction scheme is given
by a single reaction, given in Equation 2.2.

The rate of reaction can be described with an Arrhenius expression (Davis and Davis,
2003), including the order of reaction na and ng with respect to reactants A and B, respec-

tively. This expression is given by:

r = ko exp (— RE;R> x [A]"™ [B]"® (2:8)

where [A] and [B] are the concentrations of components A and B, E, is the activation energy
of the reaction, T is the reactor temperature, R is the universal molar gas constant and kg

is the pre-exponential Arrhenius constant.

2.3. Process parameters

The parameters specific to the reaction kinetics and energy produced are varied to get
a range of process scenarios, for which the stability is analysed. The different processes are
denoted e.g. by P15 or P5, corresponding to process 12 and 5 for the reaction scheme above,
respectively. Below the various process parameters are shown.

The reaction scheme considered in this work corresponds to a more complex kinetic scheme
than that presented in Kédhm and Vassiliadis (2018). Therefore, 20 different process are

considered for this reaction scheme. The process parameters are summarised in Table 1.



209

210

211

212

213

214

215

216

Table 1: Process parameters for the reaction scheme.

Process ko x 10 AH, nsn ng [A], va v E,/R

e ] ) H ) H) K
P, 10 -150 1.0 1.0 100 1.0 1.0 9525
P, 3.0 -110 2.0 2.0 100 1.0 1.0 9525
Ps 60 -110 1.5 1.0 100 1.0 1.0 9525
Py 80 -110 1.0 1.5 100 1.0 1.5 9525
Ps 120 -150 1.0 1.0 8.0 1.0 1.0 9400
Pg 50 -150 1.5 1.0 8.0 1.0 1.0 9400
P~ 23 -130 1.5 1.5 8.0 1.0 1.0 9450
Pg 20 -140 2.0 1.0 8.0 1.0 1.0 9450
Py 5.0 -110 2.0 2.0 8.0 1.0 1.0 9525
P1o 90 -130 1.5 1.0 80 2.0 1.0 9525
P11 100 -130 1.5 1.0 80 2.0 1.5 9525
P 125 150 1.5 1.0 60 1.5 1.5 9525
Pis 30 -150 2.5 1.0 6.0 1.0 2.0 9700
P4 5.0 -180 35 1.0 6.0 1.5 2.5 9650
Pis 1.5 -280 4.0 1.0 6.0 25 25 9670
P 110 150 1.0 15 50 1.0 1.0 9525
Py7 80 -150 1.0 1.5 5.0 1.0 1.0 9350
Pis 120 -150 1.0 1.5 5.0 1.0 1.0 9550
P 120 -140 1.0 1.5 50 1.0 1.0 9480
Py 120 -140 1.0 1.5 5.0 1.0 1.0 9500

*n=n4+ng

The initial concentration of component B, and the initial temperature of the reactor
are held constant for all the above processes. These are set to [B], = 8.0 kmolm ™ and
Tro = 405 K.

The stirrer used in this model is assumed to result in a turbulent mixing of the reactor
contents with a Reynolds number of Re = 10°. Hence, the concentration and temperature of
the reacting mixture only varies across an insignificant boundary layer at the reactor walls.
Therefore, using uniform reactor properties (ideal mixing) is a fair assumption.

The changes in viscosity and specific heat capacity of the reaction mixture are evaluated

according to the composition, together with physical data given in Table 2.
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Table 2: Physical properties of components A, B and C.

Physical property P 1 C, A
kgm™] [Pas™'] [Jkg7'K'| [Wm 'K™]
Component
A 911 1.00 x 1074 1100 0.300
B 790 3.00 x 1074 950 0.250
C 1200 9.00 x 104 850 0.150

The changes in density, viscosity and heat capacity of the reaction mixture with changing
temperature and composition are approximated in the simulation. Depending on the com-

position the following equations are used to estimate the physical properties of the reaction

mixture:
1
= = wilp (2.9)
p j
Inpy = Zgj In p; (2.10)
J
Cp = Zyjcpj (2.11)
J

A= D0 (2.12)
J

where y; is the mass fraction, y; is the molar fraction, and g; is the volume fraction of
component j. These equations are obtained from Hirschfelder et al. (1955), Teja (1983) and
Green and Perry (2008).

The accurate description of the temperature and composition relationships for liquid mix-
tures is very difficult. Hence, for the change in temperature linear interpolation of tabulated
physical properties for water, ethylene oxide and ethylene glycol, components A, B and C
respectively, are used. The temperature dependence of the above parameters is obtained
from Dever et al. (2004), Crittenden et al. (2012) and Bohne et al. (2010).

The heat transfer coefficient U of the reaction mixture to the cooling jacket is evaluated

from the properties of the reaction mixture and the coolant, as well as the flow rate of coolant

(Sinnot, 2005).

2.4. Reactor parameters

The chemical reactor models simulated have a cooling/heating jacket, as can be seen in
Figure 1, which controls the reactor temperature by varying the coolant flow rate. A stirrer
in each reactor is assumed to be ideal in that all reactor properties are uniform within the

reaction mixture. The coolant flow rate is controlled by either a PI controller or by MPC.

10
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The reactor properties for each size of reactor are shown in Table 3.

Table 3: Reactor properties used for simulations.

Parameter Vi Ve A qc,max  1C,n
m’] [w’] [m?’ [mis™!] [K]

P, — Ps 32 20 49 0.060 300

P — Pio 20 1.4 36 0.043 300
Py —Pis 8 0.5 20 0.023 300
Pig—Py 08 0.17 4.2 0.005 300

The verification of stability criterion K requires a transition from stable to unstable
operation. Hence a PI controller with fast control is used, the parameters of which are
obtained by trial and error. The standard form of PI controllers is given in Stephanopoulos

(1984). The parameters of the PI controller used are given in Table 4.

Table 4: Parameters for PI controller used in case studies.

Parameter Value
Proportional (P), K, 10 m*s 'K™*
Integral (I), 77 1000 Ks*m~3

All simulations presented for this work were done with an HP EliteDesk 800 G2 Desktop
Mini PC with an Intel® Core™ 3.20 GHz i5-65000 processor with 16 GB RAM. The operating
system was Windows 7 Enterprise. The computational language used is MATLAB™  with
the readily available algorithm ode15s(Shampine et al., 1999) for dynamic simulations. Due to

its simplicity of developing code, MATLAB™ was used instead of more efficient programming
languages as C, C++ and FORTRAN.

3. Analysis of stability criteria

In the Introduction the Lyapunov exponent method and the divergence method were iden-
tified as the most promising techniques to analyse the thermal stability of exothermic batch
processes when embedded with MPC. The advantages and disadvantages of both methods

are examined in this section.

3.1. Lyapunov exponent method

The theory on Lyapunov exponents was derived from chaos theory (Strozzi and Zaldivar,
1994; Melcher, 2003; van der Kloet and Neerhoff, 2003). For chaotic systems it can be

determined if the trajectory of system variables diverge or converge when experiencing a

11
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small initial perturbation. Hence, each system variable gives rise to a Lyapunov exponent,
denoted by A.

As was discussed in Kdhm and Vassiliadis (2018), the time frame required to evaluate
Lyapunov exponents, as well as the initial perturbation e, need careful tuning. In order to
not overlook a thermal runaway it is necessary to check the stability for many values of final
time ¢4, leading to to a large number of simulations. Hence this results in high computational
time. Further work is necessary to reduce the computational time of this method to make it

viable for online MPC schemes.

3.2. Divergence method

A general set of nonlinear differential equations is given by:

i o= fi(zt) (3.1a)

in = fy(z, ) (3.1b)

where N is the number of differential variables &, and f (x, t) is a general nonlinear function.

Using a Taylor series for a first order approximation yields:
T=Jux (3.2)

where J is the Jacobian matrix including all first order derivatives. The entry at row z and

column [, .J,;, is evaluated by:
af
693;

To detect a thermal runaway, only the diagonal entries of the Jacobian with respect to the

variables contributing towards the heat of reaction are required (Copelli et al., 2014; Bosch
et al., 2004; Kdhm and Vassiliadis, 2018).

The heat generation @4, in the reactor is given by:

Qgen = Y 1= (-AH,) Vg (3.4)
z
Hence the state variables of interest are the concentrations in each reaction rate r,, as
well as the reactor temperature Tg.
A more detailed derivation of the divergence of the Jacobian matrix and the divergence

criterion is shown in Kdhm and Vassiliadis (2018).

12
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3.2.1. Jacobian matriz derivation for batch reaction model
The relevant Jacobian matrix entries of the relevant variables and system Equations (2.1)—

(2.7) lead to the following expression:

Eq
RTy

div [J] X tref = —vana koexp (— ) X [A]"A_1 [B]"®

E
—vpng ko €xp (_R;R) % [A}nA [B]nB—1

n 1 E, koo E,
0 poxp [ —
pCVe | RTE P\ "Ry
x [A]"™* [B]"™® (-AH,) Vg —UA (3.5)
div [J] X trer = — (vana Daa + vgng Dag) X exp (—7)
+B~ Dap exp (—y) — St (3.6)
where
[A] (-AH,)
B = ——~ 3.7a
O T (3.7a)
E
= a 3.7b
v RTn (3.7b)
Day = ko[A]™ 7" [B]™ tye (3.7¢)
Dag = ko [A]"™ [B]"® e (3.7d)
UA
St = ——t 3.7
PR (3.7¢)

where B is the Barkelew number, ~ is the Arrhenius number, Da and Dag are the Damkohler
numbers for components A and B, and St is the Stanton number.

From Equation (3.6) it can be seen that the divergence only depends on the stoichiometric
coefficients, the reaction orders, and the dimensionless numbers given in Equations (3.7a) —
(3.7¢). The following analysis shows that the value of ¢, has no influence on the value of

the divergence of the Jacobian matrix as it cancels out.

3.2.2. Case studies with divergence criterion

The temperature profiles together with the respective divergence profiles for processes
Py — Py are shown in Figures 3 and 5. The temperature set point is increased in two stages:
initially a stable process is present. As the temperature of the system increases, the processes
becomes uncontrollable, as the cooling water capacity is not sufficient to keep the process

under control. After the second increase in temperature a thermal runaway occurs. Similar

13



25 temperature and divergence profiles are obtained for processes P11 — Pog. Hence, for clarity,
26 these graphs are not explicitly shown here. The temperature and divergence profiles for

207 processes Py — Py are shown in Figure 2 and Figure 3.
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Figure 2: Temperature profiles for processes P; — P5.
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Figure 3: Divergence profiles for processes P; — Ps.
208 For processes P; — P5 the divergence profiles follow a similar trajectory as the respective

20 temperature profiles. After loss of stability the divergence of the Jacobian matrix, div[J],

14



30 increases once the temperature of the system starts increasing. The temperature and diver-

s gence profiles for processes Pg — P1g are shown in Figures 4 and 5.
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Figure 4: Temperature profiles for processes Ps — P1g.

x1073

div [3] /s~

| | | |
0 100 200 300 400 500 600 700 800 900 1000
Time / s

Figure 5: Divergence profiles for processes Pg — P1p.

302 In processes Pg — Py the divergence div [J] increases significantly once a thermal runaway
53 can be observed from the respective temperature profiles. The temperature and divergence

s profiles for processes P;; — Py5 are shown in Figure 6 and Figure 7.
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Figure 6: Temperature profiles for processes P11 — P15.
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Figure 7: Divergence profiles for processes P1; — P15.

For processes Pqy, P13 and P14 the same behaviour for div [J] as for all other processes
above is observed. During processes P15 and Pi5 the divergence decreases towards the end
of the reaction are due to the fast kinetics which cause the concentration of each reactant to
decrease very quickly, hence resulting in a stabilising effect for the overall system.

Similar trajectories for reactor temperature and divergence of the Jacobian are obtained

for processes P1; —Pyy. The key information obtained from these graphs is that the behaviour

16



su  of div [J] is in accordance with the temperature of the system at the boundary of stability.
sz The temperature and divergence profiles for processes P15 — Poy are shown in Figure 8 and

sz Figure 9.
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Figure 8: Temperature profiles for processes P15 — Pog.
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Figure 9: Divergence profiles for processes P1g — Pag.

314 From Figures 2 and 9 one common feature for div [J] can be observed: even for stable

a5 operation of the batch processes the divergence is positive due to the constantly changing
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properties as no steady-state is present. The condition that div [J] < 0 during stable opera-
tion is therefore only valid if the temperature of the system is very low, rendering it infeasible
for intensifying batch processes. To prove this condition, processes P1g — Pgy are simulated,

but with much lower initial temperatures. The temperature and divergence profiles for these

processes are shown in Figures 10 and 11.
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Figure 10: Temperature profiles for processes P1g — Pag.
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Figure 11: Divergence profiles for processes P1g — Pog.
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As can be seen in Figures 10 and 11, only for extremely low temperatures does the
divergence criterion become negative. This significant deviation of the stability criterion
div [J] < 0 to the actual boundary of stability hence requires a function to evaluate stability

criterion /C, which was introduced in Kdhm and Vassiliadis (2018).

3.2.3. Sensitivity analysis of divergence criterion

The values of the divergence criterion, as shown in Figures 3 — 10, are of the order of
1073, This is not due to numerical effects of the ODE solver employed, since the divergence
is evaluated exactly using algebraic expressions (Equation (3.6)).

To prove this point, a sensitivity analysis of process Py is carried out with varying toler-
ances for the ODE solver employed. The tolerances €, used, from lowest to highest accuracy,
are €, = 1076, 1077, 1078, 5 x 107?, 4 x 107, The simulation using the highest accuracy,
namely €, = 4 x 1079, is used as the reference. The error with respect to the reference

trajectory is plotted on a logarithmic scale in Figure 12.

1076
/Ctol - 1076
1078
\etol = 10_7
—-10
T, /\——:O‘~M —
0
3 B
W 1012 ‘J €0 =5 x 1079 f | L -
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10 —€tol = 1077 %
—€tol — 1078 E
€01 = 5 x 10797
1016 ! ! ! ! ! ! ! ! I
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Time / s

Figure 12: Logarithmic plot of error profiles for each sensitivity setting with respect to €;o; = 4 x 107° for
process Ps.

As can be seen in Figure 12 the errors are below 107% at all times.

The tolerance setting used throughout all simulations is e, = 107%. As can be seen
from Figure 12 the error for the divergence obtained is below 1078 at all times. Hence, the
numerical effects due to the ODE solver used do not cause the divergence to be positive

during stable operation.
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3.3. Results of the analysis

The necessity of long prediction horizons to obtain reliable results for the Lyapunov
exponent method limits its use when embedded in MPC. This is due to the increased com-
putational time required to evaluate the thermal stability with Lyapunov exponents.

The divergence method, as was shown above for processes Py — Py, requires less com-
putational time, but does not describe the transition to instability reliably. Only in batch
processes with very low reactor temperatures does the divergence criterion indicate stable
operation.

The divergence method results in a systematic offset of the loss of stability into the
positive region for div [J].

A stability criterion, for which the divergence of the Jacobian matrix is reduced by a
correction function, can describe the point at which the loss of thermal stability for exothermic

batch reactors occurs with little computational time.

4. Stability criterion K

Stability criterion K describes the transition of thermal stability for exothermic batch

processes. During stable operation the criterion I has to be smaller than or equal to zero:
K < 0 — stableprocess (4.1)

When the process analysed becomes unstable due to a thermal runaway, the criterion
becomes positive.

The stability criterion K is derived in the form of a difference equation, based on the
divergence criterion of the Jacobian matrix div [J] (Strozzi and Zaldivar, 1999; Arnold, 1973)
and a correction function £ (Kdhm and Vassiliadis, 2018). In the evaluation step i at time
t@ the criterion K is evaluated by taking the difference between the divergence at step i,

div [J](i), and the correction function at step i, £®:
K@ = div [J]® — [£9] (4.2)

The correction function £ is an approximation of div [J](i) at the point of transition
from stable to unstable operation. It is evaluated using div [J ](i_l) in the previous step ¢ — 1

and the dimensionless numbers which influence the divergence:
EW = f (div [J](i—l)7 Da®, Da Y, B0 BU= 540 5= () 7(i—l)> (4.3)

where he dimensionless variables in Equation (4.3) are called the Barkelew number B, the

Arrhenius number 7, the Damkohler number Da, and the Stanton number St.
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To further investigate stability criterion I a detailed analysis on the divergence is required,

which is presented in the following section.

4.1. Deriwation

From the expression found for the divergence, stability criterion K is derived. This is
done by varying each individual variable at a time, while keeping the others fixed, until the
resulting process is unstable. The gradient of the divergence with respect to that variable at
the boundary of stability then becomes the particular gradient coefficient.

In order to derive the gradient coefficients, the effect of varying the reaction rate constant
ko, the enthalpy of reaction AH,, the heat transfer coefficient U and the activation energy
E, are considered. The correction function £ is obtained after a first order Taylor expansion

of the logarithm of the divergence, In (div [J]). The resulting expression is given by:

trof tref

. O lIn(div[J 9 In(div[J Qres
din(div[J)) = (Z5dl), o din(B)+ <W ey ) din ()
s tref B’ Y, tfetf

tref ’ tref tref

9In(div[J]) dIn(div[J]) St
" ( aln(’Y) >37 Dares St d ln </7) - <W> B. Dares d ln (tref) (44)
e ratitl

Dayes

ref

dIn(div[J]) = mpdIn(B)+ mpg,, din < ) +m.,dIn(y) +mg: dln (ft )(4.5)

ref

where m are the gradient coefficients obtained from the Taylor expansion. A detailed deriva-
tion of this expression is given in Kéhm and Vassiliadis (2018). The variable Da,.s is the
resultant Damkohler number of the system which is discussed below. In Kahm and Vassil-
iadis (2018) gradient coefficients for a single reaction depending solely on component A were

found, which are given in Table 5.

Table 5: Gradient coefficients found for a single reaction depending on one component (Kéhm and Vassiliadis,
2018).

Gradient coefficient mp mp,,., M, mg;
Value 1.28 1.21 -26.9 -0.187

Using the derivation of the divergence, stability criterion I will now be derived for these
reaction schemes. The dimensionless variables found in Equations (3.7a) — (3.7e) are used to
find an expression for £%. As can be seen in Equation (3.6), two Damkohler numbers appear
within the divergence of the batch system due to the presence of two reagents influencing
the reaction rate. Therefore a weighted average of both Damkdhler numbers is required for

the derivation of the gradient coefficients for the function £%. From Equation (3.6) it can
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;0 be seen that a natural form of the resultant Damkohler number Da,.s should be given by the

w0 following expression:

Da{) = navaDaf + npvpDayy (4.6)
301 To check the validity of this expression, the form of criterion K from Kahm and Vassiliadis

32 (2018), where the reaction does not depend on the concentration of reactant B, is obtained
w3 by setting ng = 0 in Equations (3.7¢) — (3.7d). This reduces Da,es t0 give Dayes = navaDan,
3¢ which is the expression found in K&hm and Vassiliadis (2018). Hence the form of Dayes
35 presented above is logical and will be used throughout this work. Furthermore, the influence
w6 Of stoichiometric coeffifients and reaction orders with respect to each reagent present for each

37 reaction is hence included in this manner.

' ' +(0) B®
ED = div [J](Z_l) [1 + mg; In ( o ) +mpIn <—)

Gi—1) BG-1)
+Mpa,,, In LA (:E) + "BV aﬁfl) +m,In (%) } (4.7)
navaDa, 7 + nprgDag Y

308 Using the following definition of the derivative of a logarithm:

d Ay® @) =D
dln(y):—yzlim LA Y

— A , 4.8
Y Ayi—0 y(z_l) y(l_l) ( )

30 an expression for the stability criterion K at step 4, using the definition in Equation (4.2),

a0 can be found:

KO = div[J]¥ — @] (4.9)

Sp0) _ Gyli-1) B _ B-1)

Ko — diV[J](i)_ GG-1) BG-1)

div [J]%Y {1 + mg:

(nAVADaX) T nBVBDal(si)) - (nAVADaX_l) + nBVBDag_1)>

+mDares

nAVADaX_l) + nBVBDag_l)
(1) _ A1)
v g
w01 This is a similar expression as given in K&hm and Vassiliadis (2018), with the following

w2 difference: the reaction rate depends on both reagents A and B. Hence, both components ap-

w3 pear in the heat generation term in Equation (3.4). This means that both A and B contribute
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towards the expression of the divergence obtained. Therefore two Damkohler numbers are
obtained, given by Equations (3.7¢) and (3.7d). Both Damkoéhler numbers depend on the
pre-exponential Arrhenius factor ky and the concentrations [A] and [B]. This dependence on
each other leads to the problem that it is not possible to vary each dimensionless number
without varying the other. Therefore, a weighted sum of both as shown in Equation (4.6) is
tested for the derivation of criterion K leading to the following expression:

, . +@) _ g¢i=1)
KO = div[3]? ~ Sl

div [J]¢Y {1 + msy

St(i—l)
B _ pi-1) Da'¥ — DaSY @) A1)
+mBW + MDayes Daﬁgl) TTLA/W} (411)

This is the final expression for K used for the PI-control and MPC scheme implementa-
tions.

As the value of gradients mp,,., mp, m, and mg, decreases, the value of £, which
estimates the divergence at the boundary of stability, decreases. According to Equation (4.9),
as the value of £ is smaller, the condition of K becoming positive and hence predicting
instability occurs earlier, making it a conservative stability measure. Therefore, from all
the values for the gradients coefficients found, the most conservative ones are used for the
function of &.

In the following sections the derivation of gradient coefficients mp,,.., mp, m, and mg;

are carried out.

4.2. Determination of gradient coefficients
Variation with respect to Damkohler number

The gradient at the boundary of stability with respect to the Damkéhler number, Day.,
is analysed first. To combine the influence of both reactants A and B, Da, is given by
Equation (4.6). In contrast to the base processes P; — Py in this section the pre-exponential
Arrhenius coefficient kg is increased until loss of stability, hence giving processes denoted
by P1,(pa) — P20,(pa)- A thermal runaway is caused by increasing the rate of reaction until
the heat generated by the reaction exceeds the cooling capacity. All remaining parameters of
each process are kept constant. The processes obtained when varying the other dimensionless
variables is denoted in a similar fashion.

The plots for processes Py (pa) — P5,pa) are given in Figure 13.
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Figure 13: Variation of the divergence with respect to Dayes/tret for processes Py (pqy — Ps (pa)- The crosses
indicate the points at the boundary of instability, and the dashed lines indicate the gradient at these points.

At the point where systems Py (pq) —P20,(pa) become unstable the value of Da,. is recorded
and the gradient of In (div [J]) at that point is found. This is indicated in Figure 13 as dashed
lines. As can be seen, the lines are close to parallel. Therefore, the most conservative gradient
obtained will give a good description of the divergence at the boundary of stability. Similar
profiles and gradients are obtained for processes P (pa) — P20,(pa), as will be shown below.

The extension of the Damkohler number for multi-component reactions is not trivial, as it
is important to consider how much the reaction order and stoichiometric coefficient influence
the resultant Damkohler number which can then be implemented for criterion . Since
from the divergence the form given in Equation (4.6) is present, additional verification of
the resulting gradient coefficients obtained at the boundary of instability are required. This
thorough verification is required as the extension for multi-component reaction for criterion
IC has not been carried out before.

Therefore 5 more processes for which only the reaction orders and initial reaction tem-
peratures are varied will be tested. The process parameters for processes Po;—Pos are shown

in Table 6.
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Table 6: Process parameters varied for processes Po;—Pos.

Process npn ng Tgo

=1 =] K]

Py 25 1.0 420
Py 3.5 1.0 390
Poys 3.5 1.5 370
Py 3.5 25 335
Pos 3.5 3.0 310

446 The same reactor parameters as for processes P1g—Psg in Table 3 are used for processes
a7 Po1—Pos.
The following parameters are held constant throughout processes Po1—Pos:
, mdeD
ko =5.00 x 10 oo™ Ds (4.12)
AH, =—180 K (4.13)
mol
vy =15 (4.14)
v =2.5 (4.15)
E,/R=9525K (4.16)
sz where n = ny + ng.
449 If for these processes approximately parallel gradients are obtained as well, then this form

0 of the resultant Damkohler number can be used for multi-component reactions. The gradient

4

o1

1 plots obtained for processes Po;—Pas are shown in Figure 14.
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Figure 14: Variation of the divergence with respect to Dayes/tref for processes P21,(Da) —P25,(pa)- The crosses
indicate the points at the boundary of instability, and the dashed lines indicate the gradient at these points.
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It is seen from Figure 14 that the resulting gradient lines for strongly varying reaction
orders are still parallel. Therefore it is demonstrated that the form of the resultant Damkohler

number shown in Equation (4.6) is valid for multi-component reactions. Hence gradient

s coefficients for this resultant Damkohler number can be used to quantify the divergence at

456

457

458

the boundary of stability.

Table 7: Gradient coefficient mp, values for processes Py (pq) — P25, (pa)-

Process P, Py Ps P, Ps Ps P, Pg Py Py
Mpa,.. 1.09 1.13 1.05 1.04 1.04 1.11 1.11 1.08 1.13 1.13
Process P1y Prp Piz P Pis Pis Piz Pis Py Pa
Mpa,. 1.13 1.16 1.08 1.03 1.04 1.15 1.09 1.16 1.11 1.09
Process Po1 Pay  Pas  Pos  Pos
Mpa,. 1.20 1.17 1.06 1.05 1.04

459

460

Variation with respect to Barkelew number

The evaluated gradient coefficients mp,,,. for In (div [J]) with respect to In (Daes/trer) at

the boundary of stability for processes Py (pa)y — P2o,(pa) are shown in Table 7.

For the dependence on the divergence of the Jacobian matrix with respect to the Barkelew

w1 number B the same logic is applied as for the Damkohler number. In processes Py gy —P2o,(5)
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w2 the enthalpy of reaction AH, is varied until instability occurs and a thermal runaway occurs.

w3 All remaining parameters are kept constant during this analysis. The value of In (div [J])

we  With respect to In (B) for processes P18y — Ps,p) are given in Figure 15.
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Figure 15: Variation of the divergence with respect to B for processes Py gy — P5 (p). The crosses indicate
the points at the boundary of instability, and the dashed lines indicate the gradient at these points.

As for the Damkohler number, the lines obtained for processes Py gy — Ps5(p) at the
boundary of stability are nearly parallel. The same behaviour is observed for processes
Pe,B) — P2o,(p). The results obtained for mp are consistent with the values given in Kahm

and Vassiliadis (2018). The values of mp for this reaction scheme are given in Table 8.

Table 8: Gradient coefficient mp values for processes Py (p) — Pag,(B)-

Process Pl Pg P3 P4 P5 P6 P7 Pg Pg PlO
mp 2.05 154 162 166 1.71 1.55 1.55 1.67 1.60 1.72

Process P Pio P13 Py Pis P Pz Pig Pig Py
mpg 1.57 147 153 158 1.801.34 130 135 128 1.34

In order to get a conservative estimate of the divergence value at the boundary of stability,
the most conservative gradient value from the ones found in Table 8 is used, i.e. specifically
mp = 1.28.
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Variation with respect to Arrhenius number

The processes Py (y) — Pao (y) are based on the parameters for processes P; — Py given in
Table 1. The reduction in activation energy F, increases the reaction rate, hence resulting in
more heat generation. Once the heat generated exceeds the cooling capacity of the system and
a thermal runaway occurs, the respective value of E, is recorded. All remaining parameters
are kept constant during this analysis. The variation of div [J] with respect to the Arrhenius

number 7 for processes Py () — P5 () is given in Figure 16.

-3

S
S

T |
3.04 3.06 3.08 3.1 3.12 3.14 3.16
In ()

Figure 16: Variation of the divergence with respect to v for processes Pi ()~ Pé ()" The crosses indicate
the points at the boundary of instability, and the dashed lines indicate the gradient at these points.

As was observed above, the gradients obtained at the boundary of stability are very
similar for all processes Py ,) — Pao (y). The values of m,, for this reaction scheme are given
in Table 9.

Table 9: Gradient coefficient m., values for processes Py () — Péo ()"

Process P, Py Ps P, Ps Pg Py Pg Py Pio

m -21.8 -22.6 -23.9 -24.1 -22.2 -23.7 -23.8 -24.7 -247 -23.1

~

Process Py P12 Pis Py Pis Pis P17 P%s Pig Py
m. =224 -23.3 -22.5 -23.8 -22.2 -22.3 -23.05 -24.5 -24.3 -23.3

The most conservative value obtained from these processes is used in order to predict the

value of the divergence close to the boundary of instability, i.e. specifically m, = —21.8.

28



484

485

486

487

488

489

490

491

492

493

4

©

4

Variation with respect to Stanton number

The variation of div [J] with respect to the Stanton number St for processes Py (s1)—Pao (s¢)
is analysed by varying the heat transfer coefficient U with respect to the parameters of
processes P; — Pgy. The lines obtained for div [J] with respect to processes P1,st) — Ps,s1)

are given in Figure 17.
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Figure 17: Variation of the divergence with respect to St/t..t for processes Py (g4 — Ps (g¢). The crosses
indicate the points at the boundary of instability, and the dashed lines indicate the gradient at these points.

The gradients obtained for In (div [J]) at the boundary of stability were very close to each
other. This is also the case for processes Py (gy) —P2o,(s¢). The values obtained for the gradient

coeflicients are shown in Table 10.

Table 10: Gradient coefficient m., values for processes Py (s4) — Pag,(s1)-

Process P1 P2 P3 P4 P5 Pﬁ P7 Pg Pg P10
msy -0.183 -0.176 -0.190 -0.199 -0.199 -0.182 -0.186 -0.185 -0.189 -0.174

Process Py Pis Pi3 P14 Pis Pig Pz Pisg Pig Py
mgst -0.189 -0.183 -0.186 -0.194 -0.189 -0.181 -0.175 -0.197 -0.191 -0.174

From Table 10 the most conservative gradient obtained can therefore be used to predict
the value of the divergence as the system comes closer to the boundary of stability, i.e.

specifically mg; = —0.174.
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The most conservative gradient coefficients are guaranteed to ensure stability. Hence the
smallest values in magnitude from Tables 7 — 10 are chosen to be used for function . The

gradient coefficients used for all following simulations are given in Table 11.

Table 11: Most conservative gradient coefficients used for simulations.

Gradient coefficient mp mp,,.. M, Mgy
Value 1.28  1.16 -21.8 -0.174

The results obtained for all gradient coefficients are in accord with the results obtained
in Kdhm and Vassiliadis (2018). Small deviations in the values for mp,,. and mg; are
present. Both deviations result in a more conservative prediction of instability by criterion
K. A significant deviation of the value for m., is observed, which also results in a more
conservative stability detection. The same value for mpg is obtained in this work as was
done in Kdhm and Vassiliadis (2018). The differences in analysis with respect to the work
in K&hm and Vassiliadis (2018) are obtained because in this work the most conservative
gradient coefficients are used, and not the average values. Furthermore, slight differences
arise due to the complication that it is very difficult to find the exact point where stability
is lost.

The accordance of stability criterion K for the description of thermal stability in batch

processes with the actual loss of thermal stability is analysed in detail in following section.

4.3. Case studies for criterion K

As was done for the divergence criterion in Section 3.2.2, the stability criterion profiles
are shown for systems which go from stable to unstable operation. It is important to note
that a potential stability measure has to be conservative in the sense that instability is over-
predicted. On the other hand it must not be too conservative, otherwise such a criterion
cannot be used for process optimisation. Hence, the cross-over from the negative to positive
value of KC is of interest in the following graphs. The temperature profiles for processes
Py — Py are given in Figures3 — 9. The respective stability criterion profiles are given in
Figures 18 — 21.
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Figure 18: Stability criterion profiles for processes P; — Ps.

For processes P; — P5 the profiles for stability criterion I follow a similar trajectory to
the temperature profile in Figure 2. Unlike the divergence criterion, there is a sign change
before loss of stability: as the system becomes more unstable the value of K increases until
it becomes positive. Once the value of K > 0 , the system is predicted to be unstable. It can
be seen from Figures 18 and 3 that instability is predicted before a thermal runaway occurs.

The stability criterion profiles for processes Pg — Py with respect to the temperature

profiles in Figure 4 are shown in Figure 19.
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Figure 19: Stability criterion profiles for processes Pg — P1g.

The points at which instability is predicted by criterion I, i.e. the points where K
becomes positive, correspond well with the actual loss of stability given by the temperature
profiles given in Figure 4: as the temperature increases rapidly, the profiles for I increase in
the same manner.

The stability criterion profiles for processes P1; — Py5 with respect to the temperature

profiles in Figure 6 are shown in Figure 20.
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Figure 20: Stability criterion profiles for processes P1; — Py5.
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As was the case for processes P; — Py, instability predicted well by criterion K when
compared to the temperature profiles in Figure 6. As was observed for the divergence in
Figure 7, the fast reaction leading to a reduction in reactants A and B leads to a reduction

in the value for K.
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Figure 21: Stability criterion profiles for processes P16 — Pog.

For every process the sign change of criterion K occurs before loss of stability, as can
be seen in Figures 18, 19, 20 and 21. The instability is predicted approximately 5 K before
the system actually leads to a thermal runaway. Hence a more conservative prediction of
the system stability is obtained. This is a positive feature, as a more conservative stability
measure ensures the system stays within a stable operating region. Stability criterion K
constitutes a much less conservative stability measure than the divergence criterion, hence
allowing process intensification to be carried out. The slight conservative nature of criterion
IC gives a margin of error in case of parameter uncertainty or process disturbances, which
could result in mistakenly classifying the nature of the system. A measure which were not
to be conservative, if it were to exist, could result in an unstable system when implemented
within MPC if slight process disturbances occur.

Hence the application of stability criterion K will give a control system which is able
to predict system stability at the current point, without the need of further simulation and
hence computational cost. Therefore the use of K with nonlinear MPC schemes will lead to
significant reductions in reaction time without loss of stability.

In tank reactors with high turbulence due to the stirrer there is a near uniform distri-

bution of temperature and concentration. The only change in properties occurs within a
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thin boundary layer which is negligible in comparison to the volume of the reacting mixture.
The function for stability criterion K, which is based on ideally mixed batch reactors, can
be extended to non-ideally mixed reactors: if the stirrer does not result in ideal mixing,
the properties and dimensionless variables used for stability criterion K have to be found as

averages throughout the reactor volume.

5. Intensification of batch processes with Model Predictive Control

5.1. Model Predictive Control applied to batch reactors

Model Predictive Control (MPC) is an advanced control scheme, in which an Optimal
Control Problem (OCP) is solved iteratively (Chuong La et al., 2017; Mayne, 2014). The
analysis of stability of batch processes is incorporated into the classical MPC flow sheet,

which is shown in Figure 22.
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! analysis :

Figure 22: Model Predictive Control scheme with integrated stability analysis.

At every iteration process data is used to find the optimal control strategy, together
with an estimate of the system stability for the evaluated control strategy. The stability
is implemented as a constraint which, if not satisfied, leads to the optimisation algorithm
re-evaluating the optimal control strategy. As is given in Figure 22, the inputs to the ad-
vanced control algorithm are process inputs which can include disturbances and a set-point.
Depending on what the system is required to do, the set-point can be redefined.

In order to intensify batch processes, the set-point temperature can be set to the maximum
allowable temperature of the system, as the stability constraint will restrict the system to
increase in temperature too fast and enter an unstable regime. Furthermore there is the
option to maximise yield of a certain chemical, which lets the control system decide on
its own by how much the temperature can be increased. For certain reactions the highest

possible reaction temperature, without causing thermal runaways, is the target (Rupp et al.,
2013).
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The mathematical formulation for MPC at the i** step used in this work is given by
(Charitopoulos and Dua, 2016; Rawlings and Mayne, 2015):

min &7 (z (t), qc (1)) (5.1a)

qc

where ®) is the objective function of the optimisation, and z (t) are the state variables of

the system described in Equations (2.1) — (2.7). This optimisation problem is subject to:

N

O = [ X (t)dt (5.1b)
¢
0= h(z(t),qc(t), 1) (5.1c)
Tr < Tehem (5.1d)
0<ql < 4, max (5.1e)
‘ @ — g < Sqc (5.1f)
ty<t< ts (5.1g)

where X, (t) is the conversion of reagent A and h (z(t), qc (t), t) are the equations with
respect to physical properties. The initial time and final time of the simulation at step i are
tg) and tgf), respectively, and the chemical stability temperature is set to Tipem = 450 K. This
constraint is included in all following MPC schemes, as this represents a process constraint
irrespective of the control system employed. The change in coolant flow rate between steps ¢
andi—1, qg) —qg_l), is limited to at most equal to d¢athrmc, Which is set to dgc = 0.05¢c max-

The following constraint is added to the set of equations for the optimisation:
K (t?) <0 (5.1h)

This constraint is included in order to keep the process in a stable region by satisfying
criterion K at the final time of the respective optimisation, here t?).

The batch system described by Equations (5.1a) - (5.1h) is solved using the SQP optimi-
sation (Nocedal and Wright, 2006) algorithm within fmincon in MATLAB™. A sequential
approach for the optimal control problem was implemented for the MPC framework.

A moving horizon approach is implemented, for which the optimal control action is found
given data from the past and a process model. Depending on the control and prediction
horizons t. and t,, respectively, the performance of the MPC scheme can be tuned. The
larger the prediction and control horizons, the higher the computational time per iteration.

A more detailed discussion of this approach is given in Christofides et al. (2011), Haber et al.
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(2011) and Kéhm and Vassiliadis (2018).
Only the first control step found by the optimisation algorithm is implemented according
to the moving horizon approach. After this step is completed, the next iteration of the MPC

scheme commences.

5.2. Analysis of MPC' schemes and process intensification

Using stability criterion K the process under consideration can be intensified. This is
done by increasing the temperature of the process, whilst ensuring that criterion K is below
zero, as was outlined above. Six processes with three different MPC algorithms are going to
be considered in detail. The advantages of using stability criterion K are demonstrated in

terms of computational time and process efficiency.

5.2.1. MPC algorithms implemented
MPC is used to keep each process under control. For each process, three MPC schemes

are considered:

1. MPC with stability criterion I
2. MPC scheme with constant set point temperature

3. MPC scheme with extended prediction horizon

The first scheme is the novel scheme which was outlined in the section above. This MPC
scheme uses a control horizon of t. = 50 s with five control increments, each with length of
10 s, and no extended prediction horizon.

The second scheme is often found in industry: rather than increasing the temperature
set-point during a process, it is easier to keep the reaction temperature constant in order to
ensure stability of operation. This MPC scheme uses a control horizon of ¢, = 50 s with five
control increments, each with length of 10 s, and no extended prediction horizon.

The third scheme is an alternative to using stability criteria altogether: as the prediction
horizon of the MPC formulation is extended, the optimisation algorithm should be able to
find control inputs which keep the system close to the desired temperature set point and
within the defined constraints.

These three schemes are compared with respect to reliability of control and computational
cost. The control horizon for this scheme is set to t. = 50 s with five control increments, each
with length of 10 s, and a prediction horizon of ¢, = 1000 s. During the prediction horizon
a constant control input is used. The value of this control input is given by the last control

value within the control horizon of the MPC algorithm.
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5.2.2. Temperature profiles of analysed MPC' systems

As sample case studies processes P3, Ps, P7, Py, P11 and P;3 are considered, the process
parameters of which can be found in Table 1. The initial temperature for processes P3, P
and Py is set to 400 K, whereas for processes Py, P1; and P13 the initial temperature is set
to 405 K. The temperature profiles for each MPC scheme applied to all processes are shown
in Figures 23 — 25.

I I
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650 + .
e
~_ 600 - .
I
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2, [ A
% 200r : Tchem i
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, 'y
g Criterion K, By . TR 400K Py |
NTr =400 K, Ps
| | | | |
0 1 2 3 4 )

Figure 23: Temperature profiles of processes P3 and P13 for each MPC scheme.

In Figure 23 it can be seen that for processes P3 and Pi3 different system responses
are obtained with each MPC scheme: The first MPC scheme using stability criterion
as an additional nonlinear constraint results in a stable control process, staying below the
maximum temperature of Toyem = 450 K. A constant temperature set-point yields a stable
process staying at that particular temperature. The third MPC scheme using an extended
prediction horizon yields thermal runaway reactions, as can be seen by the peaks reaching
Tr =~ 550 K for process P13 and T &~ 720 K for process P3. The thermal runaway behaviour

will be further illustrated by plots of the conversion for these reactions.
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Figure 24: Temperature profiles of processes P5 and Py, for each MPC scheme.

For processes P5 and Py, shown in Figure 24 the same behaviour as for processes P3 and
P13 is observed. The MPC scheme with criterion K embedded gives stable operation while
steadily increasing the reactor temperature. A constant temperature set-point with standard
MPC gives stable operation at that particular temperature. For MPC with an extended pre-
diction horizon, attempting to increase the reactor temperature results in unstable operation
with the temperature increasing in an uncontrollable manner. The temperature peaks reach

a maximum of T = 590 K for process P1; and Tg = 910 K for process Ps.

38



651

652

653

654

655

656

657

658

659

660

661

662

663

664

665

666

667

800 | » -

750 - | .
n 700 -
© 650 -
= 600 -

€

1

'—Standard MPC (¢, = 1000s), Py

}~—=Standard MPC (¢, = 1000s), P

500 Criterion IC, Py Tenem 1

450

55507

Te

™~ Criterion K, Py _Tr =400 K, Py
e P ===
0 5 10 15
Time / h

Figure 25: Temperature profiles of processes P7 and Pg for each MPC scheme.

For the last two processes considered in this work, processes P; and Py, the same result
is obtained as for the 4 previous case studies. As can be seen in Figure 25 stable operation is
obtained for the first two MPC schemes using criterion K and a constant set point temper-
ature. For the scheme using criterion I a controlled increase in the reactor temperature is
observed until the maximum allowable temperature of Toem = 450 K is reached. The tem-
perature is kept below Ty at all times. The MPC scheme using a constant temperature
set-point, as expected, gives a controlled process at that temperature. The MPC scheme
trying to keep the system under control by having an extended prediction horizon gives a
clear thermal runaway, reaching maximum temperatures of Tg = 760 K for process P; and
Tr = 820 K for process Py.

To show further the improved control obtained when embedding criterion K within an
MPC scheme, additional simulations of processes P3, Ps5, P7, Py, P11 and P13 are shown.
For these processes a standard MPC scheme, as in scheme 3 above, is employed with an
extended prediction and control horizon. The time length for each control step is increased
from 10 s to 100 s with only 3 control steps used instead of 5, therefore increasing the control
horizon from 50 s to 300 s, and the prediction horizon is increased from 1000 s to 3000 s.

The resulting temperature profiles for these processes are shown in Figure 26.
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Figure 26: Temperature profiles for processes P3, P5, P7, Pg, P11 and P13 when controlled by the modified
MPC scheme with a control horizon of 300 s and a prediction horizon of 3000 s.

In Figure 26 stable control is achieved for these processes, but the temperature profiles
fluctuate more than the ones obtained with MPC scheme 1 embedding criterion K as an
additional constraint. In order to achieve this stabilising control, the constraint on the rate
of change of cooling given in Equation (5.1f) had to be relaxed from dgc = 0.05 gc max tO
0¢c = 0.8 g max- This means that the cooling valve will be subject to larger sudden changes
in position which can lead to a destabilised system. As discussed in Stephanopoulos (1984),

such sudden variations in the control valve are not beneficial for the stability of systems.

5.2.3. Analysis of computational time

The first point of concern for this analysis is the computational cost required for each
control scheme. This is of importance since these control schemes have to be implemented in
an industrial setting. The lower the computational time for each iteration, the more likely is
a successful implementation for online control schemes. In Table 12 the computational time

for each control scheme and process are given.
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Table 12: Computational cost for each control scheme applied to processes P3, P55, P7, Py, P11 and P13 . For
the standard MPC scheme with an extended prediction horizon only the iterations before loss of stability are
taken into account.

Computational time / CPU s

MPC scheme P3 P5 P7 Pg P11 P13
With stability constraint IC 1.8 14 18 12 12 14
Constant set point temperature 0.70 0.50 0.60 0.50 0.50 1.0

Standard MPC with extended horizon 2.7 3.5 47 36 22 16

Standard MPC with control horizon of 1.3 1.1 14 13 14 20
300 s and prediction horizon of 3000 s

As can be seen the constant set-point temperature MPC scheme results in the lowest
computational cost. This is expected, since no additional constraints are added, therefore
making the optimisation problem easier to solve. The MPC scheme using criterion K yields
a lower computational cost than the MPC scheme with an extended prediction horizon. This
is encouraging, as the system obtained by using criterion K also yields a more stable system.
Hence the use of stability criterion K results in a faster and more reliable control scheme
than conventional nonlinear MPC schemes.

The difference in computational time between the MPC scheme with constant set point
temperature and MPC with stability criterion K is due to the interaction between the con-
straints and the optimisation algorithm. The actual time required to evaluate stability cri-
terion K is less than 0.1 s.

In order to yield a stable process with standard MPC schemes, that do not include any
stability criteria, with increasing system temperature, an even longer prediction horizon will
be required. This in turn can result in higher computational time which becomes a limiting
factor for industrial applications.

To circumvent this issue, the number of control steps can be reduced, whilst increasing
the time frame of each one. In this manner an MPC scheme as scheme 3 is considered as
was shown in Figure 26. The computational cost for these case studies are shown in Table
12. Tt can be seen that the computational time can be decreased drastically whilst obtaining
stable control as seen in Figure 26. This, on the other hand, comes at a compromise: The
temperature profile of the system is not as smooth as for MPC scheme 1 including criterion
IC, as the control increment allowable had to be increased to 80% to result in stable control.
Therefore, using MPC scheme 1 results in more favourable operation.

Significant speed-up can be achieved by using C++ or FORTRAN and faster computers.

This does not change the fact that the MPC scheme using criterion K achieves the same goal
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5.2.4. Process intensification
The second concern of this analysis is the intensification of batch processes. For processes

Ps, Ps5, P7, Py, P11 and Py3 given in Figures 23 — 25 this is best illustrated by how long it
takes each of them to reach the same conversion. The conversion profiles for processes Pj

and Py3 are shown in Figure 27, considering how long it takes to reach a target conversion

of 75%.
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Figure 27: Conversion profiles of processes P3 and P13 for each MPC scheme.

From Figure 27 it can be seen clearly that the processes controlled by MPC with an

extended prediction horizon yield thermal runaways, as the conversion reaches 100% after

only 0.5 h.
For process P53 the conversion for the MPC scheme with constant set-point temperature
does not reach the target conversion of 75% even after 5.5 h, whereas for process P3 the

target conversion for this MPC scheme is just reached after 5.5 h.

The MPC scheme with stability criterion K embedded achieves the conversion of 75% in
2.2 h for process P3 and 1.4 h for process P13, much faster than the constant temperature
set-point system, as well as stable operation throughout the process.

The conversion profiles for processes P5 and P;; are shown in Figure 28.
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Figure 28: Conversion profiles of processes P5 and Py for each MPC scheme.

The MPC scheme using a constant temperature set-point does not achieve the target
conversion of 75% after 10 h for processes Ps and Py;. Criterion K embedded within MPC
results in processes that achieve the target conversion just after 1 h for process P17 and 2.2 h
for process P5. With respect to the MPC scheme using constant temperature set-points this
is a more than five-fold reduction in reaction time.

The MPC schemes using an extended prediction horizon, as can be seen in Figure 24,
results in a thermal runaway. This can be seen by the sharp increase in conversion, reaching
100% after less than 0.5 h for both processes.

The conversion profiles for processes P; and Py are shown in Figure 29.
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Figure 29: Conversion profiles of processes P7 and Py for each MPC scheme.

The MPC schemes using criterion I result in stable processes reaching the target conver-
sion after 2.5 h for process P; and 7.5 h for process Py. This is longer than for the processes
considered before: since the same concentrations of reactant A and B are initially present,
as can be seen in Table 1, as the reaction proceeds the rate of reaction decreases rapidly as
both reactants are consumed.

Keeping a constant reactor temperature with the second MPC scheme hence gives an even
longer reaction time, not reaching the target conversion after even 15 h. Hence a reduction
in reaction time of at least two-fold is achieved for processes P; and Py.

Again, the third MPC scheme results in a thermal runaway, hence giving 100% conversion
in a very short time span. The point where 100% conversion is reached coincides with the
maximum temperature peaks seen in Figure 25.

The same behaviour as for processes P3, Ps, P7, Py, P11 and Pi3 is found for all other
process scenarios given in this work. Only these six processes are presented as a sample, as
including results for all processes would add no further value to the analysis.

As can be seen from the case studies above, intensification of exothermic batch processes
is achieved by integrating stability criterion K into standard MPC schemes as a nonlinear
constraint. Not only is the reaction time reduced while keeping the process in a stable
region, but the computational effort is also reduced in comparison to standard nonlinear MPC
schemes with extended prediction horizons. To achieve the same stable operation, without
any stability criterion, as was achieved by embedding criterion IC, even longer prediction and

control horizons would be necessary — resulting in even higher computational overheads.
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6. Conclusions and further work

A more complex reaction scheme to the one found in Ké&hm and Vassiliadis (2018) is
introduced for exothermic batch processes. Stability criterion K is derived and used to
quantify the stability of these systems. It is found that modifications are required to make
this criterion work for more complex reaction schemes. Furthermore, it is found that these
modifications lead to the reliable prediction of instability for all reaction process scenarios
considered in this work to illustrate the proposed methodology. For none of the simulated
systems does stability criterion I not give a conservative estimate of the system behaviour.
Similar gradient coefficients as for the simple reaction scheme found in Kdhm and Vassiliadis
(2018) are used. The results show that this scheme can be extended to other batch systems
with complex reaction schemes.

Nonlinear Model Predictive Control (MPC) is introduced and the underlying methods
used are elaborated. The stability criterion K is embedded in the MPC scheme as a non-
linear constraint, rather than a penalty term within the objective. It is found that the
implementation of criterion K leads to an intensification of the process, while keeping the
process in a stable regime. This in turn leads to decreased reaction times with improved
safety, hence making it very useful for industry.

This improved efficiency is obtained due to the ability to increase the temperature of the
reactor, while keeping the process under control. Furthermore it is found that the imple-
mentation of criterion IC gives lower computational cost per MPC iteration with regards to
standard nonlinear MPC schemes with extended prediction horizons. This means that the
control scheme presented outperforms current MPC schemes in terms of stability, process
efficiency and computational cost.

The contribution of this work is the extension and validation of a new stability criterion
which is suitable for nonlinear non-steady state systems that can be incorporated into online
control algorithms. Loss of stability has detrimental effects, resulting in industrial accidents
and leading to economic loss. It is demonstrated that the novel methodology enhances safety
and performance of processes that can become unstable.

The original divergence criterion uses first order derivatives, whereas the new stability
criterion uses second order derivatives, hence making criterion X' computationally more ex-
pensive. For batch processes it is very important to note that the original divergence criterion
was proven to be too conservative to be useful for process intensification. The additional com-
putational cost to calculate criterion K is therefore justified in order to improve the efficiency
of the underlying processes.

Future work will focus on implementing more advanced MPC schemes to speed up the

time required for each iteration. The computational cost, as well as accuracy, of using the
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divergence criterion and stability criterion I will hence be further analysed in future work
when considering larger reaction systems. Reaction networks with several reactions in series
and parallel will be considered also for the extension of this work. In order to predict the
stability of such systems a suitable form of criterion K and the correction function £ have to
be found.

To improve further the MPC algorithm, sensitivity or adjoint equations could be in-
corporated in the optimisation step within the MPC algorithm, hence reducing the risk of
numerical instabilities caused by numerical differentiation, which can occur from a finite
differences approach as currently employed in this work.

The reliability of stability criterion I due to model-plant-mismatch have to be considered
for future case studies. Ensuring a robust stability criterion for online applications is of major
importance for a potential industrial application, hence requiring a detailed analysis in future

work.
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