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ARTICLE INFO ABSTRACT

Keywords: In this paper, we discuss the optimization of the operation of a reductive amination (RA) reaction process
Iterative real-time optimization in a miniplant without an accurate process model using iterative real-time optimization (RTO). The rhodium-
Model adequacy

catalyzed RA of undecanal with diethylamine produces a tertiary amine from a long-chain aldehyde and is
performed in a thermomorphic multiphase system (TMS) to recover and reuse the expensive catalyst efficiently.
An iterative RTO method called modifier adaptation with quadratic approximation (MAWQA) is used in
combination with guaranteed model adequacy (GMA) to drive the RA process to its optimum iteratively. MAWQA
utilizes online measurements to overcome model deficiencies. GMA ensures that the model used in MAWQA
satisfies the model adequacy conditions. The optimal operating conditions of the RA process in the miniplant
were identified during an experimental run of the plant, thereby validating the applicability and efficiency of
MAWOQA with GMA. The results illustrate the benefits of process optimization using iterative RTO methods

Modifier adaptation
Process optimization
Reductive amination

without accurate process models.

1. Introduction

Reductive amination (RA) is an effective method for producing alkyl
amines that are important intermediates for synthesizing pharmaceuti-
cals (Afanasyev et al., 2019), materials and surfactants (Strohmann et
al., 2022). Starting from a carbonyl compound, the desired amines are
formed, with water as the only by-product. The first step is the conden-
sation of an aldehyde or ketone with the substrate amine (ammonia,
primary or secondary amine) to the respective imine or enamine, which
is then hydrogenated to the final primary, secondary or tertiary amine.
Hydrogenation occurs catalytically with molecular hydrogen, which is
accessible sustainably via electrolysis. RA has already been intensively
researched in the academic and industrial sectors (Bianga et al., 2020a;
Kiinnemann et al., 2020; Kirschtowski et al., 2020, 2021; Jameel and
Stein, 2022; Weber et al., 2021; Hahn et al., 2019; Jagadeesh et al.,
2017) and was first reported by Mignonac (1921) in the year 1921. Most
industrial amination processes are heterogeneously catalyzed (Hayes,
2001). This allows easy separation and recycling of the catalyst and
makes it possible to reach low limits of catalyst concentration in the
final products, which often must be met (Giirsel et al., 2015). How-
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ever, if high selectivities and mild reaction conditions are required, or if
chiral amines are to be produced, homogeneous transition metal catal-
ysis often is the more efficient tool (Reshi et al., 2021). To still enable
the separation and recycling of the dissolved catalyst, thermomorphic
multiphase systems offer an elegant solution by exploiting the tempera-
ture dependency of the miscibility gap. The reaction takes place under
monophasic conditions, and after the reaction, the mixture is cooled
down and split into two phases. Ideally, one phase contains the prod-
uct, while the homogenous catalyst remains in the other phase, enabling
easy separation by decantation (Bianga et al., 2019).

To achieve a short time-to-market for modified or new products,
carrying out the process development already with the assistance of
model-based real-time optimization on the miniplant scale is worth-
while. The best possible performance of a process can then be deter-
mined already during the process development phase, thus providing a
reliable basis for its evaluation and for further decisions in the design
process. Additionally, the developed schemes can serve as the basis for
the development of the automation systems of the real plant and hence
speed up the detailed design and commissioning phase (Engell, 2022).
The goal of this work was to identify the optimal operating conditions

E-mail address: anweshreddy.gottumukkula@tu-dortmund.de (A.R. Gottu Mukkula).

https://doi.org/10.1016/j.ces.2023.119662

Received 14 August 2023; Received in revised form 13 November 2023; Accepted 19 December 2023

Available online 2 January 2024

0009-2509/© 2023 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


http://www.ScienceDirect.com/
http://www.elsevier.com/locate/ces
mailto:anweshreddy.gottumukkula@tu-dortmund.de
https://doi.org/10.1016/j.ces.2023.119662
https://doi.org/10.1016/j.ces.2023.119662
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ces.2023.119662&domain=pdf
http://creativecommons.org/licenses/by/4.0/

A.R. Gottu Mukkula, T.B. Riemer, A. Kiihl et al.

of the RA reaction in the miniplant, which will be referred to as the
RA-process in this paper, as well as to validate the efficiency and appli-
cability of a specific iterative RTO algorithm, MAWQA with GMA which
in this paper is demonstrated for the first time at a real process.

Real-time optimization (RTO) represents the upper-level optimiza-
tion problem in a hierarchical control structure. RTO provides inputs to
the regulatory control layer and helps to optimally implement the de-
cisions which are generated by the planning & scheduling layer (Darby
et al., 2011; Engell, 2007). Classically in the optimization problem a
rigorous steady-state process model is employed where the objective
and constraint functions are formulated based on the information from
the planning & scheduling layer, and the optimum from the RTO layer is
passed on to the underlying regulatory control layer as set-points. When
an accurate process model is available, one can compute the optimum
operating parameters by formulating and solving this model-based op-
timization problem. However, for complex multiphase processes, e.g.
the RA-process, significant uncertainties exist in the process model.
Therefore it is challenging to identify the optimal operating condi-
tions. Classically this is done by experiments on the miniplant or pilot
scale, following fixed experimental designs. With this approach, a large
number of experiments are needed to identify the optimal conditions
precisely. Therefore we propose to use a combination of model-based
and data-based optimization to find the optimal conditions fast and re-
liably. Moreover, the experimental identification can only be done for a
limited set of intended operational regimes (e.g. throughputs, product
qualities) while an automatic on-line identification will adapt to new
demands from the upper layer.

The uncertainty in a process model can be parametric or structural,
or both. Parametric uncertainty in a process model means that the
model parameters are not accurately known. Structural uncertainty in a
process model occurs if some phenomena that are occurring in the pro-
cess are described in a simplified form, or ignored. Iterative real-time
optimization (RTO) methods can overcome uncertainties and identify
the process optimum despite the fact that the model is inaccurate.
The two-step approach was proposed in Jang et al. (1987), and later
refined in Chen and Joseph (1987), to overcome parametric model un-
certainties by iteratively correcting the model parameters using process
measurements and then re-optimizing the process using the corrected
model. However the two-step approach cannot handle structural model
uncertainties systematically and can even lead to worse results than not
adapting the parameters (Chachuat et al., 2008). The integrated system
optimization and parameter estimation (ISOPE) approach proposed in
Roberts (1979) handles both parametric- and structural model uncer-
tainties. It iteratively modifies the objective function of the model-based
optimization problem in addition to correcting the model parameters. It
was shown in Tatjewski (2002); Brdys and Tatjewski (2005) that both
parametric- and structural model uncertainties can indeed be handled
by only iteratively modifying the objective function without the need
for updating the model parameters. The approach in Tatjewski (2002)
was extended in Gao and Engell (2005) modifying also the constraints
of the model-based optimization problem, which in Gao and Engell
(2005) was called iterative gradient-modification optimization (IGMO).
In Marchetti et al. (2009), the IGMO approach was analyzed in depth
and called modifier adaptation (MA).

The model-based optimization problem in ISOPE, IGMO or MA is
modified using steady-state process measurements. From these mea-
surements, the gradients of the objective function and of the constraints
are estimated for the real plant, as well as the mismatch of the con-
straints. It is critical for the approach to approximate the process gra-
dients accurately as they are vital to identify a process optimum. To
ensure a reliable approximation of process gradients, it was proposed in
Gao et al. (2016) to use quadratic approximation (QA) of the response
functions of the real plant for process gradient estimation and the re-
sulting algorithm was called modifier adaptation with quadratic approx-
imation (MAWQA). In ISOPE, MA, and MAWQA, it is a prerequisite for
the successful application of the algorithms that the available process
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model satisfies the so-called model adequacy conditions (Marchetti et
al., 2009, 2016; Gao et al., 2015; Forbes and Marlin, 1996; Bonvin and
Srinivasan, 2013). For a process model to be adequate it is required
that the Lagrangian of the modified optimization problem satisfies the
necessary second-order conditions in addition to the KKT conditions
at the true (but unknown) plant optimum. If this is not the case, the
method does not converge but oscillates between different solutions. In
Faulwasser and Bonvin (2014) it was proposed to use second-order cor-
rection terms in the MA context to match the Hessian of the process.
However, accurately estimating the Hessian from observed data is chal-
lenging and hardly practical. Another possibility to handle the issue is
convex model approximation of the objective and constraint functions
as proposed in Francois and Bonvin (2013), which however may slow
down the rate of convergence to the optimum. The issue of model ad-
equacy was handled in Ahmad et al. (2019) by updating the model
parameters iteratively while imposing the adequacy conditions at the
current steady state. Convexity is not imposed, which may improve the
speed of convergence. Recently in Gottu Mukkula and Engell (2020),
the guaranteed model adequacy (GMA) approach was proposed to han-
dle the process model inadequacy issue in MAWQA. Here, quadratic
approximations of the objective and constraint functions are employed.

Besides the two-step approach and MA-based methods, also the
extremum seeking control (ESC) (Krsti¢ and Wang, 2000), necessary
conditions of optimality (NCO)-tracking, and self-optimizing control
(SOC) (Jaschke and Skogestad, 2011) schemes address the issue of
the presence of unknown or imprecise process models. A comprehen-
sive survey of the existing iterative RTO schemes can be found in
Marchetti et al. (2016). However, despite a large body of theoretical
work, the number of experimental evaluations of iterative RTO is small
(Marchetti et al., 2020; Hernandez et al., 2018; Gottu Mukkula et al.,
2020b,a; Navia et al., 2017). MAWQA was before used for the optimiza-
tion of real processes in Hernandez et al. (2018); Gottu Mukkula et al.
(2020b,a). In Hernandez et al. (2018), hydroformylation of 1-dodecene
to tridecanal performed in a thermomorphic multiphase system (TMS)
with the solvents n-decane and DMF was optimized using MAWQA but
without GMA.

In this contribution, the operation of a RA process in a mini-
plant is optimized during an experimental run despite plant-model
mismatch using the recently reported MAWQA with GMA approach
(Gottu Mukkula and Engell, 2020) due to its capability to handle plant-
model mismatch, model inadequacy, measurement noise, and gradient
approximation without additional input perturbations. To the authors’
knowledge, this is the first practical application of MAWQA with GMA.
The inclusion of GMA avoids undesired input oscillations and enabled
MAWQA to converge smoothly to the optimum. In the following sec-
tions, we present the RA process in the miniplant, the iterative RTO
method MAWQA with GMA, the optimization goal, and the experimen-
tal results.

2. Process description

In this work, the reductive amination of undecanal, a C-11 alde-
hyde, by homogenously catalyzed addition of diethylamine (DEA) in a
miniplant (Kiinnemann et al., 2020) is investigated. For a high activity
and selectivity to the desired tertiary amine, a catalyst system consist-
ing of Rh(acac)cod and the bidentate ligand Sulfoxantphos was chosen
(Bianga et al., 2020a,b). The reaction scheme of the RA of undecanal
illustrated in Fig. 1, is thermoneutral according to Kirschtowski et al.
(2021). The first reaction step is the condensation of undecanal and DEA
to N,N-diethylundecylenamine. The enamine then reacts further to the
desired product, N,N-diethylundecylamine. Besides the hydrogenation
of the enamine, the aldehyde can also be hydrogenated to the alcohol,
i.e. undecanol. To suppress the hydrogenation to the alcohol, carbon
monoxide (CO) is continuously dosed into the hydrogen gas phase dur-
ing the miniplant operation. Its presence proved to be the most effective
method for reducing alcohol formation in previous investigations of the
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Fig. 1. Reaction scheme for the reductive amination of undecanal with diethylamine.

same catalyst system (Weber et al., 2021). Furthermore, the concentra-
tion of undecanal should be kept low by shifting the equilibrium to the
enamine through an excess of DEA and a low water concentration. In
addition, fast hydrogenation of the enamine to the tertiary amine is de-
sirable to constantly remove enamine from the reaction equilibrium of
the condensation. Another side reaction is the aldol reaction, which is
catalyzed by the intermediate enamine, which reacts with another alde-
hyde molecule to form the by-product aldol, releasing diethylamine.
With an increase in the reaction temperature, the speed of the compet-
ing reaction does not increase as fast as that of the primary reaction.
This side reaction can also be inhibited by a rapid hydrogenation of the
enamine.

The reductive amination reaction is performed in a thermomorphic
multiphase system (TMS) to ensure the efficient recovery of the cata-
lyst and the separation of the product (Kiinnemann et al., 2020; Bianga
et al., 2019). At high temperatures, used in the reactor, the solvents
are completely miscible, and at low temperatures, used in the down-
stream separation step, a phase separation occurs. Polar and non-polar
solvents are chosen such that after cooling, the non-polar product re-
mains in the non-polar solvent phase, whereas the active homogeneous
catalyst dissolves in the polar solvent phase and can be efficiently re-
cycled. For efficient catalyst recovery, the solubility of the catalyst has
to be significantly higher in the polar solvent than in the non-polar sol-
vent. Based on the results in Kirschtowski et al. (2020), dodecane and
methanol are used as non-polar and polar solvents for the RA reaction
in the miniplant.

The process flow diagram of the RA-process and a picture of the
miniplant are shown in Figs. 2 and 3, respectively. The liquid reactants
for the reductive amination reaction are fed continuously into the CSTR
from three feed tanks. Feed tank Bl contains undecanal in dodecane,
feed tank B2 contains catalyst in methanol, and feed tank B3 contains
DEA. Hydrogen and CO are fed into the CSTR such that a ratio of 1:9
of CO to hydrogen is maintained in the reactor. The CSTR is jacketed
and heated using an oil bath. The RA reaction is performed at a con-
stant pressure of 30 bar and at temperatures higher than 90 °C. Under
these conditions, the reaction mixture is monophasic, favoring the re-
action without transport limitation (Huxoll et al., 2022; Kirschtowski et
al., 2020). The reaction mixture from the outlet of the CSTR is cooled
down and transferred to the decanter. The temperature of the decanter
is maintained at 5 °C, at which a miscibility gap exists (Huxoll et al.,
2022), causing the reaction mixture to separate into polar and non-
polar phases. The non-polar phase containing the desired product is
depressurized in a flash vessel and then collected in the product tank.
The polar phase containing the catalyst is recycled back into the CSTR.
Losses of methanol and catalyst via the product stream are compen-

sated by adding a makeup stream via the pump P2. The water produced
during the enamine-condensation remains in the polar phase, therefore
it continuously accumulates during the process. The water accumula-
tion can be avoided by adding another unit operation, e.g. a membrane
separation unit as presented in Schliiter et al. (2021). However, this is
not within the scope of this work. In Schliiter et al. (2021) the water-
tolerance in the hydroaminomethylation of 1-decene with diethylamine
was determined for the phase ratios (polar to non-polar) of 1:1 and
4:1 at 125°C to be 6 and 13 wt%, respectively. Based on the results
presented in Schliiter et al. (2021), the water tolerance limit in the
RA-process for a 3 : 1 phase ratio at 125°C is estimated as 12 wt%,
above this value a biphasic mixture forms, hindering the reaction due
to liquid-liquid mass-transfer limitations.

3. Formulation of the optimization problem

The goal is to identify the optimal values for the residence time
(throughput) and the reaction temperature such that the amount of the
amine (7,04 Amin.) Produced per unit time is maximized. The residence
time of the reactor is manipulated by varying the total volumetric feed
rate of the liquid reactants entering the reactor (V;,), and the reactor
temperature (7) is controlled by manipulating the temperature of the
oil bath.

The nominally optimal inputs of the process can be obtained by solv-
ing the following nominal model-based nonlinear optimization prob-
lem:

u* =arg max J(J,u la
m gue[uL,uU] 3. uw) (1a)
st. §=F,,(u), (1b)
G(,u)<0, (10

where the objective function is J(y,u) := the manipulated

ﬁpma’,Amine’
variables are u := [Tg,V;,]” with u’ and uV as their lower and up-
per limits. The optimization problem is constrained by a nominal
steady-state process model (1b) which here is represented by a func-
tion F,, : R™ — R" which maps n, model inputs to n, output vari-
ables. In addition to the nominal process model, there also can be
process constraints (1c) which here are represented by the function
G : R x R" — R", in which n, is the number of constraints. How-
ever, the RA-process is unconstrained besides the bounds on the input
variables. The accuracy of the process model directly affects the possi-
bility of identifying the optimum of the real process u;. Oversimplifica-
tion in modelling, incomplete process understanding, or inadequate pa-
rameter estimation lead to a mismatch between the nominal model (1b)
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Fig. 2. Process flow diagram of the reductive amination process. Yellow and blue colours represent non-polar and polar phases, respectively. Green colour represents
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Fig. 3. Photograph of the miniplant in which the reductive amination of undecanal was performed.

and the unknown real process behaviour denoted as y, = F ,(w). There-
fore, in the presence of a plant-model mismatch, the solution of (1) will
not match the optimum of the real process. Therefore, the iterative real-
time optimization method MAWQA with GMA is used to identify the
real optimum during operation of the miniplant despite the plant-model
mismatch. In the following subsection, the key aspects of MAWQA with
GMA are presented.

3.1. Modifier adaptation with quadratic approximation

MAWQA is a MA-based iterative RTO method that embodies ele-
ments from derivative-free optimization (DFO) (Gao et al., 2015, 2016).
In MA, the nominal model-based optimization problem (1) is iteratively
modified and solved until the solution converges to the real process op-
timum (Gao and Engell, 2005; Marchetti et al., 2009). The objective
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function (1a) and the constraint functions (1c) in the model-based op-
timization problem (1) are modified by bias and gradient correction
terms. The modified model-based optimization problem, i.e., the MA
problem, in the k" iteration is:

Ak+1 . ad k4
17} =ar min  J*(y,u 2a
gue[uL,uU] o (Pu) (2a)
st.y=F,(u), (2b)
d k(o
G, (3w <0. (20)

The modified objective and constrained functions in the k™ iteration of
the MA problem are defined as:

T u) = T (5ou)+ (J(yl}uk) — TR ub)) + (3a)
(VI (e, u) = VI GF,u)T (u - ub),

GU*(3.u) 1= G(3.u) + (G~ ub) — GG*.ub)) + (3b)
(VG ub) - VGG* u)T (u - ub),

where VJ(5*,u*) and VG(5*,u*) represent the nominal model gradi-
ents, i.e., the gradients of J and G w.r.t. u evaluated for the inputs u¥.
The terms J (y’;, u*) and G( y’;, u®) represent the objective and constraint

functions of the real process, which are computed from the inputs u*
and the corresponding steady-state plant measurements y’;. VJ (y”j, ub)

and VG(y’Ij,uk) are the gradients of the response of the real process

w.r.t. u evaluated for the inputs u* and corresponding steady-state pro-
cess measurements y*. Upon convergence, the optimum of the MA prob-
lem satisfies the optimality conditions of the real process (Marchetti et
al., 2016). If the iterative procedure converges to a stationary solution,
this is the real (local) process optimum within the domain of attraction
of this optimum.

The gradients of the real process objective and constraint functions
play a critical role in the success of MA. As they usually cannot be mea-
sured, they must be approximated using process measurements. Finite
differences or Broyden’s formula (Roberts, 2000) are often used for gra-
dient approximation (Gao et al., 2016; Marchetti et al., 2016). However,
they are susceptible to measurement noise. To obtain reliable estimates,
additional process perturbations may be needed (Gao and Engell, 2005).

In MAWQA, elements from derivative-free optimization (DFO) are
combined with MA to overcome the issues in gradient approximation.
In MAWQA, a quadratic approximation function Q defined as

O(co.c;Hyw) = co+cTu+ %uT[H]u “

is fitted to the observed steady-state values of the cost function and of
the constraint functions to estimate the gradients. The QA smooths the
measurement noise and does not require additional process perturba-
tions after enough data has been collected (Gao et al., 2015; Wenzel
et al., 2015). The parameters of the QA function, ¢j,c and H can be
estimated once there are process measurements for at least (1, 42)
different input points. The parameter H represents a n, X n, dimensional
symmetric matrix, which is the Hessian of the QA function. After fitting
a QA function, the real process gradients are estimated by differentiat-
ing the fitted QA function w.r.t. u. In MAWQA, a QA function is fitted
to the objective function J, and to each constraint function G, and
the QA function parameters are updated at every iteration. From these
parameters, the gradients are computed and inserted into (3b) and then
the modified optimization problem (2) is solved.
Instead of solving (2), the QA function-based DFO problem

~k+1 : k
' =arg min Ji(u (5a)
gue[uL,uU] Q( )
st. Gy <0, (5b)

can be solved instead of the MA problem (2). This is done if in the
previous iteration the fitted QA models for the objective and constraint
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functions are more accurate than the objective and constraint functions
of the MA problem. The quality of the models is quantified using the
following indicators:

1 ad k _ ad,k—1
. Jadk _ yadk Gt G
Jk — Jk-1 ’ Gk _gk1 |
k. P P p.1 p.l
pr 1=maxs3 (6a)
m Gad,k _ Gad,k—l
1 m,n, m,n,
T T ok k-1
Gpsnc - Gp'nc
k k-1 k  _ k=1
_ Jo =70 _ Go1~%.
k _ gk—1 k _ k=1’
k. JI’ JI’ Gp,l Gp,l
P 1= max ) (6b)
Gk _ Gk—l
Q.n, o.n,
T gk — gkl
p.ne pne

where Jp’f = J(y];’"k)vGZ,-={1 ,,,,, n) 1 G,-:{l’wna}(y’;,uk). In the k™ it-
eration, the MA problem is solved instead of the QA based problem if
p”; < p’é and vice versa. The QA functions are always used either to ap-
proximate the process gradients in the MA problem or directly in the
QA based optimization problem. A trust region constraint

(u— uk)Tcov(U"‘)_l(u —uk <y?, @

is added as a constraint to the MA problem (2) and to the QA based opti-
mization problem (5) to prevent large input changes as the QA functions
are only valid locally. In (7), U'¥ represents the set of input data points
used for fitting the QA function parameters and y is a tuning parameter
which scales the trust-region. The data points in 1'% consist of so-called
neighbourhood points Urf‘b which lie in a close proximity to the input
u* around which the process gradients are approximated, and of the
so-called anchor points U‘(;‘is . which are selected to be well distributed
around u*. While the anchor points help in determining the shape and
orientation of the approximation, the neighbourhood points help to im-
prove the accuracy around u*. In Wenzel et al. (2017) several screening
algorithms to identify ¥ were compared. The quality of the distribu-
tion of the data points in ¥ is quantified using the condition-number
s defined as:

o k
sk — [uk]"uXI ® 1cardmahty(1fdm)x1 _ [U;,'S;]’ (8)

where [u¥], [U;l.st] are matrix representations of u¥, Ua',‘l.s - The distribu-
tion of the data points is considered ill-conditioned if the inverse of the
condition number x~1(s¥) is less than a desired value 6. If ¥~ !(s¥) < 5,
additional input perturbations are performed and added to % to im-
prove the distribution of the data points. This condition is referred to as
the conditionality-check.

3.2. Guaranteed model adequacy

In modifier adaptation, it is a prerequisite that the nominal-model
satisfies the model adequacy condition, i.e., the reduced Hessian of the
Lagrangian of the nominal model-based optimization problem at the
real process optimum u: is negative definite if the goal is to maximize
the objective function and is positive definite if the goal is to minimize
the objective function. The Lagrangian of the MA problem in (1) is de-
fined as

LGou,p)=JG.w)+p" GG.u), )

where y = F,, (u) and u is a vector of Lagrange multipliers. However,
as the real process optimum u* is not known, it is not possible to evalu-
ate a priori if the nominal-model satisfies the model adequacy condition
or not. Additionally, in MAWQA, at some iterations the QA-based opti-
mization problem (5) is solved instead of the MA problem (2) depending
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Fig. 4. An illustration of the implementation procedure of iterative-RTO, MAWQA with GMA, to optimize the reductive amination process in the miniplant.

on the quality of the fitted QA models. An inadequate nominal-model
leads to unnecessary input moves even after identifying the real process
optimum, which is not desired (Gottu Mukkula and Engell, 2020).

In MAWQA with GMA, the issue of model adequacy is addressed by
restricting the form of the QA functions. As the Hessian of a QA func-
tion H is independent of the input u, the model adequacy condition
can be verified a priori. It can be enforced that a QA function is either
positive- or negative definite by imposing constraints on H while fit-
ting the QA functions. GMA addresses the issue of model adequacy in
MAWQA in two ways. First, the objective and the constraint functions of
the nominal model-based optimization problem (1) are approximated by QA
functions offline, and the QA model parameters are selected to satisfy the
model adequacy condition. The nominal model-based optimization prob-
lem must be adequate as it defines the Hessian of the MA problem in
(2). The fitted objective and constraint functions ensure its adequacy
when used in the MA problem (2). Second, the parameters of the QA
models that are built during the iterations of MAWQA for gradient approx-
imation are computed such that the model adequacy condition is satisfied.
These steps ensure that the model adequacy condition is satisfied for all
inputs including u*. The optimization problem to fit a negative definite
QA function to the available m data points is defined as:

m
2
: k _k .k
zip, % (7045 = 0. .15 ) (102)
s.t. O(cy, ¢, H; uk) =co+ cTu+ %quH]u (10b)
u"Hu<0 YueR™\ {0}, (10c)

where m > Ot D) Selecting the parameters of the QA model to

satisfy the model adequacy condition defines a non-convex non-linear
optimization problem. In Gottu Mukkula and Engell (2020) it was pro-
posed to use the global quadratic convex estimator (GQCE) from Rosen
and Marcia (2004) to identify the QA model parameters. This method
is also used here. For a reasonable initial parameter estimate, the al-
gorithm from Rosen and Marcia (2004) almost always converges to a
global minimum solution. If a minimum is computed that does not rep-
resent the behaviour of the process well, the quality-check in MAWQA,
which compares the quality of the fitted QA functions with that of the
modified objective and constraint functions in (3), selects the better one
for process optimization.

4. Experimental set-up

The RA-process is performed in the miniplant shown in Fig. 3. Before
the experiment, tank B1 is filled with a solution of 10 wt% of undecanal
in the non-polar solvent dodecane, tank B2 is filled with catalyst dis-
solved in the polar solvent methanol, and tank B3 is filled with DEA.
The reactor is pressurized with CO and hydrogen in a ratio of 1:9. A
constant pressure of 30bar is maintained in the miniplant through-
out the experiment. In the reactor, a unimolar ratio of undecanal to

DEA is maintained, and the ratio of polar to non-polar solvent of 3:1 is
maintained. The temperature in the decanter is set to 5 °C and is main-
tained constant throughout the experiment. The non-polar phase from
the decanter is sampled every hour and is analyzed by gas chromatogra-
phy (GQ), providing the weight fractions of the components undecanal,
DEA, product amine, enamine, aldol, undecanol, methanol, dodecane.
The recycle stream is sampled offline every four hours to measure the
amounts of water, methanol, and DEA. Additionally, the mass flowrate
of the product stream is measured using a weight balance. The mea-
surements are used to manipulate the feed flows such that the molar
ratios in the reactor are kept at the desired values. The objective func-
tion, the molar flowrate of the product i,.,q gmine> is computed from
the obtained measurements. The lower and upper bounds of the manip-
ulated variable u;, the reactor temperature are 363 K and 403 K and of
the manipulated variable u,, the total volumetric inflow into the reactor
are 2.75mLmin~! and 5.5 mLmin~!, which correspond to a residence
time in the reactor between 2h and 1 h.

4.1. Implementation of MAWQA with GMA

A block diagram of the implementation of MAWQA with GMA at the
RA-process is shown in Fig. 4. MAWQA with GMA is initialized with
an input @*°=0 = [383K,2.75mLmin~']". The input ° is applied to
the RA-process in the miniplant. The non-polar phase in the decanter is
sampled hourly to measure the weight fractions of each component. The
measurement data y’; =0 js reconciled (see 4.1.2) and the molar flowrate

of amine » is passed to the iterative RTO algorithm, MAWQA
k+1

prod,Amine
with GMA. It computes the next input & which is then applied to
the miniplant. This process is repeated until the input has converged to
constant operation conditions which is the real process optimum.

Due to the continuous accumulation of water in the miniplant, the
RA process never reaches a steady-state. However, the effect of the
accumulation does not reflect in the measurements sampled from the
non-polar phase of the decanter if the percentage of water in the re-
actor, estimated from the percentage of water measured in the recycle
stream, is below the water tolerance limit. The RA-process in the mini-
plant therefore reaches a pseudo steady-state when the measurements
from the GC reach a steady-state.

4.1.1. Adequate QA model

In order to obtain an adequate nominal model, the DAE-model pre-
sented in the appendix was simulated offline and a negative definite QA
model was fitted to the obtained simulation data. For the simulation of
the nominal DAE-model, the hydrogenation of aldehyde reaction is sup-
pressed k gy ppo := 0 as no alcohol was observed during the lab exper-
iments. Besides, an additional model error was introduced by assuming
a lower amount of the catalyst in the reactor n.,qyy 1= 4.95 % 1078
than in reality. Additionally, the PC-SAFT model for the LLE in the de-
canter is approximated using surrogate models. For the nominal-model,
the distribution coefficient for water ¢y o is set to 1, assuming that all
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Fig. 5. Surface plot of the QA function fitted to the nominal model to ensure
model adequacy.

the water leaves the miniplant via the product stream. Thus there is
a significant plant-model mismatch due to the suppression of the hy-
drogenation reaction, the use of surrogate models for the liquid-liquid
separation in the decanter, the assumption that {yy o :=1, and the inac-
curate number of moles of catalyst in the reactor. The model parameters
of the fitted adequate nominal QA model to compute 7,,,5 pmine ar€

¢ =—-0.0154, (11a)

T =[8.3136x 107, -3.9765 x 107, (11b)
_ [-2.0606x 1077 1.8905 x 10~° (110
T 1.8905%x 1076 —4.8324%x 1075 |

The Hessian matrix H is negative definite. A response surface plot of
the fitted adequate QA model is shown in Fig. 5.

4.1.2. Data reconciliation

The steady-state weight fractions provided by the GC analyzer are
reconciled to reduce the effect of measurement errors. For data reconcil-
iation, the Welsch estimator (Korpela et al., 2016; Dennis and Welsch,
1978) is used to compute reconciled plant measurements y, .oconcied:

n

Y 2 aky\ 2
k — : Cw _ _ Yp.reconciled.i=Yp,i(@ )
yp,reczmciled - argy mlIlA 2 P <1 exp [ ( -
preconciled j—=] w

(12a)

s.t. mass balances of the process are satisfied,  (12b)

k

p.reconciled for

where ¢, :=2.9846. The reconciled plant measurements y

the input a* are supplied to MAWQA with GMA as steady-state process
. : A k1
measurements (y’; = y’;’rewm“e d) to compute the next input akt,

5. Experimental results

Fig. 6 shows the evolution of the manipulated variables over the
iterations of the RTO algorithm that result from applying MAWQA with
GMA to the RA-process. In the figure, the inputs to the RA-process are
represented by red (M) and blue (M) markers for u; and u,. Additional
process perturbations that were implemented to compute the gradients
are represented by black ((J) and magenta () markers for u; and u,.
The inputs are scaled to lie between 0 and 1, where 0 represents u”
and 1 represents uU, and are plotted using the y-axis on the left. The
objective function (# ) for input uk is represented by blue circles
- O .

MAWQA with GMA was initialized by applying an initial scaled
input ° = [0.5,0]7. As not enough data points are available for QA

prod,Amine
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initially, finite differences were used to compute the process gradi-
ents. Therefore, after applying 4°, the miniplant is perturbed twice.
The steady-state measurements for the input 2° and the two addi-
tional perturbations were used to compute the gradients in the first
MA optimization. The solution of the MA problem &' was applied to
the miniplant. This process was repeated, resulting in the 2°¢ scaled
input 4> = [0.0125,0.993]7 which was applied to the miniplant. From
here on, there are enough data points for QA, and the condition num-
ber of the anchor points used for computing the QA was checked in
each iteration to ensure a reliable fit. In the 2" iteration after ﬁz, the
conditionality of the data points was insufficient and therefore an in-
put represented by black and magenta squares was applied to improve
the condition number of the data matrix. QA was performed once the
steady-state measurements for the additional perturbation were avail-
able. In the 2™ iteration, the quality of the adequate nominal model
was superior to the QA model. Therefore the MA based problem formu-
lated using the process gradients approximated from the QA model was
solved to compute = [0.4625,1]7. From the 3™ jteration onwards,
the conditionality of the data points was always sufficient and also the
quality of the QA model was always superior to the adequate nominal
model. Therefore, no additional perturbations were made and always
the QA-based optimization problem was solved instead of the MA prob-
lem. The input converged to the real process optimum, represented by
asterisk [%,%], already in the 3" jteration and remained the same for
all future iterations, a* = [1,1]7. These steps were all performed auto-
matically by the MAWQA with GMA algorithm without intervention.

Fig. 7 shows the inputs and the dynamic evolution of the RA pro-
cess in the miniplant over time instead of iterations. The bottom plot in
Fig. 7 shows the inputs to the process. The plot in the middle shows the
molar flowrate of amine in the product stream, i.e., the objective func-
tion. Towards the end of the experiment, as the process stayed close to
the optimum steady state, the time between the iterations was longer
than in the first iterations. In the top plot, the percentage of water in
the reactor is plotted. A vertical dashed-line marks each steady-state of
the miniplant. In total, the miniplant was run continuously for approxi-
mately 200 hours. During the experiment, the operation was interrupted
once, due to the accumulation of water produced in the reaction. The
reactor and decanter were emptied and the miniplant was restarted. In
line with the predictions of the LLE in the reactor (Huxoll et al., 2022),
no sudden drop in reaction yields was observed during the experiment,
suggesting that the accumulated water did not cause formation of a
biphasic mixture, which would have hindered the reaction. The mini-
plant was restarted with the input 2°, before turning on MAWQA with
GMA again, to ensure that the process behaviour is not altered. After
observing a similar performance, MAWQA with GMA was reactivated,
and the experiment was continued.

Fig. 8 shows a surface plot that was fitted to the measured objective
function values of the RA-process after completion of the experiment.
Here no convexity condition was imposed. The plant-model mismatch
is evident when compared to the surface plot of the adequate nominal
model in Fig. 5. Nonetheless the optimum of both the nominal model
and the identified convex QA model using process measurements both
lie at a corner of the operating region. Although the nominal model
did not capture the process accurately, it did capture the extreme point
of the plant behaviour. This however was by no means clear before
the experiment was performed due to the model errors and also the
assumptions that entered into the model especially in the kinetics.

6. Discussion

The reductive amination reaction process to convert undecanal with
DEA to an amine in a continuously operated miniplant was optimized
during operation. The iterative real-time optimization method MAWQA
with GMA was employed for the iterative optimization. An adequate
nominal model was obtained by fitting a QA function to the nominal
process model such that the Hessian of the model-based optimization
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problem is negative definite. Data reconciliation was used to reduce the
effect of gross measurement errors and to ensure that the mass balances
are satisfied. The plant-model mismatch and the additional uncertainty
introduced by the QA were handled well by the iterative RTO method. It
identified the optimal inputs that maximize the molar flowrate of amine
in the product stream in only four iterations, corresponding to 9 input
moves and then kept the process at the optimum without unnecessary
moves.

This work illustrates that a chemical processes can be optimized al-
ready during the development phase despite the absence of a reliable

rigorous process model. In this work, we used only steady-state mea-
surements to compute the plant gradients and to adapt the optimization
problem. Transitions between steady states in industrial processes are
often slow, especially in processes with internal recycle streams. This
limitation can be overcome by estimating the steady-state gradient (or
the steady-state itself) during the transient phase. Gradient estimation
can be formulated as a time-varying parameter estimation problem,
allowing adaptive estimation methods such as recursive extended least-
squares (RELS) (Navia et al., 2017) or normalized least mean square
algorithm (NLMS) (Oliveira-Silva et al., 2023). Alternatively, system
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identification methods may be used for steady-state estimation (Cadavid
et al., 2017; Ferreira et al., 2017; Rodrigues et al., 2018; Rodriguez-
Blanco et al., 2017; Speakman and Francois, 2020; Francois and Bonvin,
2014).
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Appendix A. Mathematical model

The model equations are listed below:

1. Volume balance of the reactor:

Vin= I./aut :ered + Vr (A.1a)

ecycle>

where Vioogs Vieeyeler Vin @and V,,,, are the volumetric flowrates of
the fresh feed, recycle stream, reactor inlet and outlet stream re-
spectively.

2. Molar balance of component i, in the liquid phase of the reactor »;:

dn;

d—l’ =1y iy = By o + VRIS (A.2a)
ﬂi,in :ﬁi,feed + f’i,recycle’ (A'zb)
. 1V
N oyt = lV;u > (A.2C)

where i € {undecanal, DEA, aldol, alcohol, amine, enamine, H,O,
methanol, dodecane, H,}. Vf is the reactor volume and #; ;,, 7; o,
are the molar flowrates of component i into and out of the reactor.
1 foed> i recycle are€ the molar flowrates of component i in the fresh
feed and the recycle stream. The reaction rate r for each component

is defined as (Kirschtowski et al., 2020):

Tundecanal =~ TEC ~THYDb ~ TADD> (A.32)
'pEa=—Tgc tTaDD> (A.3b)
Faidot =" ADD> (A.30)

Taicohol =V HY Db> (A.3d)
Tamine ="' HY Da> (A.3e)
Tenamine =FEC —YHYDa —"ADD> (A.3f)
'm0 =rec» (A.38)
Py,
H, =ﬂ6ff<H— - CH2> —THYDa ~ THYDb> (A.3h)
Hy
" methanol =05 (A.3D)
Fdodecane =0 (A.3))

where Hy ,p,,, are the Henry and mass transfer coefficients and
p;z,CH2 represent the partial pressure due to H, and the concen-
tration of H, in the liquid phase. The rate equations are defined as
(Kirschtowski et al., 2020):
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Table A.1
Parameters in the DAE model for RA reaction
in the miniplant (Kirschtowski et al., 2020).

Parameter Value Units
kecp 87.76 Lmol™! min~!
Kiypao 2.57% 107 L2 mol~! min~!
kv Do 224 %108 L2 mol~! min~!
K4ppo 1.40x 10° Lmol™! min~!
AE, ke 13.9x 10° Jmol™!
ANE;pgyps  194%x10° Jmol™!

Eypypy 44x10° Jmol~!

E4 app 42.3x 103 Jmol™!

8.3145 Jmol~' K~!

Hy, 344x10>  barLmol™!
AG -8x10° Jmol™!
Bory 2.07 min~!
Cy, 10 mol L™!
Mearatyst 495x107  molL™!

k PenamineH,0
EC enamine'"H,
r'ec = 2 (nundecanalnDEA - k ), (A.4a)
Vr EQ
_kH Y Da A.4b
"HYDa = % 3 ncaralystnenaminenHz’ (A.4b)
R
_ kHYDb A4
"HYDb = % 3 ncatalystnundecanalnHz’ ( . C)
R
k4pp
"ADD = % 2 MyndecanalMenamine> (A4d)
R

and the rate constants are defined by the Arrhenius equations:

- NE, .
k; =k;qexp A1) Vje(EC,HY Da, HY Db, ADD},
S RTg
(A.5a)
kpo =exp —AG (A.5b)

RTx

The values of the model parameters in the above equations are
listed in Table A.1.
3. Volume balance of the decanter:

Vaut =Vproduct + recycle> (A-Ga)
where meduc, is the volumetric flowrate of the product stream.

4. Molar balance of component i in the decanter:

ni,product = ini,am"

(A.7a)

fli,recycle =(1 - gi)ﬂi,om’ (A‘7b)

where i € {undecanal, DEA, aldol, alcohol, amine, enamine, H,O,
methanol, dodecane, Hy}. #; o4, is the molar flowrate of com-
ponent i in the product stream. The distribution coefficient ¢ of
component i in the decanter is predicted using surrogate models
(Nentwich et al., 2019; Nentwich and Engell, 2019) of the PC-SAFT
model for LLE reported in Huxoll et al. (2022).
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