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Liquid organic hydrogen carriers (LOHCs) are a promising option for hydrogen storage, but a high efficiency of the LOHC cycle is
essential in order to serve as an attractive technology in the context of decarbonization. This paper presents different methods to
optimize steady-state operating points of a LOHC dehydrogenation (DH) reactor. For this purpose, an analytical model of a DH
reactor is described, which is extended to a hybrid model (HM) to achieve sufficient model accuracy. The model quality is
subsequently validated by measurements. For the optimization of the steady-state operation point, a Bayesian optimization
framework is presented and compared to classical model-based optimization. The methods are evaluated with the HM as well

as with experimental results.
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1. Introduction

In recent times, a transition to renewable energies has taken
place in all energy sectors. Hydrogen plays a significant role
as an energy carrier, not only as a substitute for fossil fuels
[1]. It has already been shown in several studies that the
storage and transport of hydrogen via liquid organic hydro-
gen carriers (LOHC:s) offers several advantages over conven-
tional storage technologies like cryogenic or compressed
hydrogen [1, 2].

LOHC systems are composed of pairs of hydrogen-lean,
typically aromatic, and hydrogen-rich, typically alicyclic, com-
pounds. In their basic form, LOHCs are usually present in a
hydrogen-lean form (HO-LOHC). The storage of hydrogen

occurs through exothermic hydrogenation of the aromatic com-
pounds, leading to the LOHC system in its hydrogen-rich form
(Hx-LOHC). The Hx-LOHC can be transported and stored
similar to liquid fossil fuels [3]. The release of hydrogen from
Hx-LOHC is realized by an endothermic dehydrogenation (DH)
that converts the hydrogen-rich Hx-LOHC to its hydrogen-lean
HO-LOHC form. As an example, the chemical hydrogen storage
cycle is illustrated in Figure 1 for the example of the LOHC
system dibenzyltoluene (DBT) (HO-DBT)/perhydro-dibenzylto-
luene (H18-DBT) as it is used in the following of this paper.
Over the last years, various substances have been investi-
gated for their suitability as LOHC, such as methylcyclohex-
ane (MCH) or N-ethyl carbazole (NEC). An overview of
common LOHC systems and their properties is given by
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FIGURrE 1: Schematic diagram of hydrogenation/dehydrogenation of
dibenzyltoluene (HO-DBT)/perhydro-dibenzyltoluene (H18-DBT)
LOHC system [4]. LOHC, liquid organic hydrogen carrier.

Aakko-Saksa et al. [2] and Rao and Yoon [3]. Briickner et al.
[5] presented the promising LOHC system of dibenzyltoluene
(HO-DBT) and perhydro-dibenzyltoluene (H18-DBT), which
is used in this paper. HO-DBT is an industrially well-
established heat transfer oil, for example, under the brand
Marlotherm SH. The thermophysical and thermochemical
properties of the DBT system were studied by Miiller et al.
[6]. Jorschick et al. [7] showed the stability of this LOHC
system over numerous charging/discharging cycles.
Particularly in the field of DH of H18-DBT, different
catalysts and reactor setups have been investigated to improve
the overall efficiency. Fikrt et al. [8] studied the DH of H18-
DBT in a horizontal fixed-bed tubular reactor. They focused
on the dynamics of DH induced by changes in LOHC feed
flow rate, reactor temperature, and reactor pressure. In fur-
ther studies, different kinetic models for the DH of H18-DBT
with different catalysts were presented [9, 10]. Thereby it is
shown that the complex reaction network with multiple iso-
mers of H18-DBT, H12-DBT, H6-DBT, and HO-DBT can be
simplified considering only direct DH from H18-DBT to HO-
DBT. The concentration of H18-DBT represents an effective
concentration for the amount of reversible bound hydrogen.
The studies were investigated in both plug-flow reactors and
batch reactors. The first cuboid flow reactor for DH of H18-
DBT was considered in a study of coupling the reactor with a
solid oxide fuel cell to increase efficiency from LOHC-bound
hydrogen to electricity [11]. The cuboid flow reactor concept
was further refined in Geilelbrecht et al. [12], where a gas
pathway was added for passing the hydrogen along the cata-
lyst. In addition, a model for hydrogen release considering the
evaporation of HO-DBT and H18-DBT was described in [12].
In Bollmann et al. [13], a novel concept for heat input into a
DH reactor is presented. Thereby, the reaction volume is
crossed by a large number of tubes through which hot gas is
passed, and thus a uniform heat input is achieved. Other
interesting reactor concepts are the hot pressure swing reactor
[7], in which hydrogenation and DH take place in the same
reactor, a multistage membrane plug flow reactor, in which
the released hydrogen is separated from the gas phase by a
membrane [14], and the DehyMax reactor, which uses the
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concept of an inverted multitubular reactor with crossflow
heating [15].

The above discussion shows that previous research in the
field of DH has focused primarily on improving the catalyst
and reactor development. In the present paper, the control
variables of the DH reactor consisting of the LOHC feed flow
rate, reactor temperature, and reactor pressure are used to
optimize the stationary operating points of the reactor with
respect to predefined goals.

Classical numerical optimization methods can be distin-
guished in unconstrained and constrained optimization. Uncon-
strained optimization is the minimization of a function over
specific optimization variables and typically relies on line search
or trust region methods. Meanwhile, constrained optimization
additionally considers (nonlinear) equality or inequality con-
straints as a function of the optimization variables. Popular
methods are sequential quadratic programing (SQP) or interior
point (IP) methods [16, 17]. These algorithms rely on gradient or
even Hessian information. However, in process control and, in
particular, in case of the LOHC DH reactor considered in this
paper, process evaluations and, thus, data generation are
very expensive. On the other hand, analytical modeling
based on physical equations (white box model) is generally
limited in accuracy for complex processes, as simplification
often has to be made in the model design due to a lack of
process knowledge.

An alternative approach is pure data-based modeling
(black box model), which requires a large amount of data
for training in order to obtain sufficient accuracy. For this
reason, chemical processes are often described using hybrid
models (HMs) [18]. Sohlberg and Jacobsen [19] described
different structures of HMs. These include both a white box
model, which represents available process knowledge, and a
black box model, which describes unknown mechanisms.
For the black box model, different machine learning methods
can be used. For example, Molga [20] used artificial neural
networks (ANNs) for modeling chemical reactors. Zhang et al.
[21] presented a HM using Gaussian process regression (GPR)
to describe chemical reactors in water treatment. Shokry et al.
[22] modeled a batch process using ordinary kringing (OK),
ANN, and GPR and compared the methods afterward.

Model-free optimization stands in contrast to classical
numerical optimization, which uses one of the abovemen-
tioned types of models. A popular method in this context is
Bayesian optimization (BO), for which no model of the pro-
cess to be optimized is necessary. This renders BO especially
favorable for the optimization of complex processes. To this
end, a surrogate model iteratively learns the function to be
optimized. The points at which the target function is evalu-
ated are determined by the optimization of an acquisition
tunction. BO is described by Brochu, Cora, and De Freitas
[23] in detail. The use of a surrogate model is a very efficient
approach to keep the number of expensive process evalua-
tions low [24-27]. Especially due to this advantage over con-
ventional optimization algorithms, BO has already found
application in various areas of chemistry [28-30]. In Stecher,
Kiltz, and Graichen [31], a BO-based approach for robust
design optimization of a batch reactor is presented.
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FiGURe 2: Experimental LOHC dehydrogenation plant with cuboid dehydrogenation reactor [15]. DBT, dibenzyltoluene; LOHC, liquid

organic hydrogen carrier, MFM, mass flow meter.

In this paper, three methods for optimizing the operating
points of LOHC DH reactors are presented and compared.
The aim is to find the most efficient control variables, con-
sisting of LOHC volume flow rate, reactor temperature, and
reactor pressure, for a required hydrogen volume flow rate
that is required, for example, by downstream apparatuses.
Previous studies have mainly focused on optimizing the
chemical process itself rather than the efficient operating
points. For this purpose, a model-based BO is applied in
addition to the conventional approach of model-based non-
linear optimization (NO). A HM of the process is developed
and used for both model-based methods. In comparison to
the two previously mentioned methods, a model-free BO is
applied as a third approach, which is applied directly to a real
process and therefore no complex modeling is necessary.

The paper is outlined as follows: The considered continuous
cuboid DH reactor is described in Section 2. In Section 3, a
steady-state HM of the considered reactor is presented, which
is used for the subsequent optimization. A validation of the HM is
given in Section 4. The optimization of the operating points with
the corresponding optimization problem and the BO as an alter-
native approach to classical numerical optimization is presented
in Section 5. Subsequently, an evaluation and comparison of the
three applied optimization procedures are given in Section 6,
before conclusions are drawn in Section 7.

2. Continuous Cuboid
Dehydrogenation Reactor

This paper considers a continuous cuboid DH reactor as part
of an experimental DH plant. Figure 2 shows a simplified flow
sheet of the plant and a schematic representation of the reac-
tor that uses dibenzyltoluene (HO-DBT)/perhydro-dibenzyl-
toluene (H18-DBT) as LOHC system [15]. The hydrogen-rich
H18-DBT is fed from the reactant tank into the reactor by a
magnet membrane dosing pump, at which the LOHC volume
flow rate can be adjusted. The volume flow passes through a

preheater where it is heated to a desired temperature. Subse-
quently, the H18-DBT flows upward (in z-direction) through
the vertically mounted reactor.

The reactor is made of stainless steel and has a length of
164 mm, width of 120 mm, and height of 364 mm. It is divided
into three zones, the inlet zone, the reaction zone, and the outlet
zone. The different zones are separated by filter plates, which
ensure a homogeneous flow at the beginning of the reaction
zone. In addition, the filter plates fix the catalyst in the reaction
zone. The catalyst used is 0.3 wt% Pt/AL,O; with a mean pellet
diameter of 2.6 mm. In total, the reactor is filled with 1.4kg
catalyst pellets. The energy required by the endothermic DH
reaction is provided by heating rods (HRs). A total of 151 HRs
and 118 thermocouples (TCs) are installed in the reactor, which
are distributed inside over all zones as well as mounted in the
frame. A desired reactor temperature can be adjusted by a tem-
perature controller. By using multiple heating zones over the
length of the reactor, an approximately homogeneous tempera-
ture distribution can be achieved in the reactor. In addition, the
entire reactor is insulated to minimize heat loss.

The reactor is designed for a pressure of up to 8 bar(a)
and a temperature up to 400°C in the HRs. A pressure
between 2and 4bar(a) and a LOHC flow rate between 1
and 3Lh™" were chosen as standard reaction conditions.
The HRs were controlled to obtain a catalyst temperature
between 280 and 320°C [15]. Measurements have shown
that there is a negligible pressure drop over the reaction
zone, which is less than 0.01 bar(a).

The preheated H18-DBT flows into the inlet zone, where
it is heated to the desired reactor temperature. Subsequently,
the liquid flows further into the reaction zone where the endo-
thermic DH reaction takes place and hydrogen is released.
Furthermore, DBT with a certain hydrogen content (Hx-
DBT) evaporates and a mixture of gaseous released hydrogen,
evaporated and liquid Hx-DBT is formed. Finally, the result-
ing two-phase mixture flows through the outlet zone before
exiting the reactor at the top.
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A pressure retention valve is mounted after the reactor,
which enables the reactor pressure to be controlled. The
mixture then flows into the product tank, where the liquid
and condensed hydrogen-lean Hx-DBT are separated from
the hydrogen stream. The hydrogen stream further flows
through a partial condenser, resulting in cooling of the gas
stream and complete separation of the hydrogen from the
Hx-DBT. Subsequently, the hydrogen stream passes two
active carbon filters, which remove the light boiling decom-
position products, before finally the hydrogen volume flow is
measured by a digital mass flow meter (MFM).

The hydrogen volume flow rate at the reactor exit
depends on three control variables consisting of the LOHC
feed flow V| opcin> the reactor temperature T, and the reac-
tor pressure p. The control variables are combined in the
input vector

V LoHC.in
z= T

p

€lz7,z"], (1)

subject to physical box constraints with

1Lh™! 3Lh7!
z-=| 280°C |, z" = | 320°C |. (2)
2 bar(a) 4 bar(a)

3. Model of Released Hydrogen Flow

This section presents a model for the released hydrogen
volume flow Vi as a function of the input variables
(Equation 1). For this purpose, an analytical model (AM)
is derived using the mass balance of the reactor and consid-
ering the evaporation of the LOHC, before the focus is put on
steady-state operating points. In the second step, the AM is
extended to a HM using GPR to account for the uncertainties
of the process that are not captured by the physical model.

3.1. Mass Balance of Cuboid Dehydrogenation Reactor. The
release of hydrogen is described by the mass balance of the
reactor. In general, the mass balance equation for a chemical
species i in a reactor with flowing fluid of varying tempera-
ture, density, and composition is defined as

ac:
T =V () = V - (DVe) + 1 )

where ¢;(t, x, y, z) is the concentration of species i depending
on time t and the spatial position (x, y, z), u(t, x, y, z) is the
velocity vector of the fluid, D, (x, y, z) is the effective disper-
sion coefficient, and r; is the total rate of change of the
amount of component i. The operator Vf represents the
gradient of a scalar function f and V - g the divergence of
a vector function g [32, 33].
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The expression in Equation (3) can be divided into four
terms: The term on the left side is the accumulation term.
This indicates the change in the amount of substance of
species i over time. In the case of the cuboid flow reactor
presented in Section 2, a simplified reaction for the DH is
assumed, as shown in Figure 1. Thereby, the intermediates
H6-DBT and H12-DBT, formed during the reaction from
H18-DBT to HO-DBT, are neglected. With this simplifica-
tion, the DH reaction can be described sufficiently accurately
[12]. Consequently, the mass balance includes the liquid
phase, consisting of HO-DBT and H18-DBT, and the gas
phase, consisting of the released hydrogen.

The first term on the right side of Equation (3) is the
convection term. Considering the presented cuboid flow reac-
tor, it is observed that the flow in z-direction is predominant.
Therefore, the convection term is simplified by neglecting the
fluid velocities in other directions. Furthermore, the minor
change in the density of the DBT during the reaction from
H18-DBT to HO-DBT is neglected. Hence, the volume flow
rate V| of the liquid phase and consequently the flow velocity
uy, of the liquid phase in z-direction can be assumed to be
constant. The material properties of HO-DBT and H18-DBT
are presented in Miiller et al. [6]. The gas phase velocity can be
determined based on the total gaseous volume flow V and
the available cross-section Ag for the gas flow. Thus, the flow
velocities u;, and ug of the two phases in z-direction can be
described by

w =t VL (42)
AL ARHL
1% vV
Ug = < < (4b)

Aq Ag(1-Hp)’

where Ag is the total cross-sectional area of the reactor. The
liquid holdup H; indicates the fraction of the liquid phase in the
total. It can be calculated according to Stiegel and Shah [34] by

H; = aRefReé(asds)S, (5)

where Re; and Reg are the Reynolds numbers of the liquid
phase and gas phase, ag is the external surface area per unit
volume of particle, and d; is the equivalent packing diameter.
The constants @, ﬁ, 7, and § are adjustable parameters. The
liquid holdup H; changes over the reactor height as the
Reynolds number of the gas phase changes with the reactor
height considering the influence of the formed hydrogen on
the complex hydrodynamics. The holdup decreases with
increasing amount of formed hydrogen. Furthermore, it is
assumed that an ideal homogenization prevails in xy-plane.
Hence, the concentration of species i results in

ci(t,x,y,2) = ¢t z). (6)

The second term in Equation (3) is the dispersion term,
which specifies the change in the amount of substance of
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species i over time caused by dispersion. In this case, an ideal
plug flow behavior is assumed and so the dispersion term can
be neglected.

The last term in Equation (3) is the total rate r; of change
in the amount of component i caused by chemical reactions.
It is composed of the partial reactions in the reaction system.
As already mentioned, the reaction from H18-DBT to HO-
DBT can be described in a sufficiently accurate simplified
way by

H18-DBT=H0-DBT + 9H,, (7)

where H18-DBT reacts in a reversible reaction with the
release of 9H, to HO-DBT. In this case, the total reaction
rate r can be described by the reaction from H18-DBT to
HO-DBT and its reverse reaction by

E k E
r =koCexp (‘ R_;) CH18-DBT — K_O Cexp (_ R_;") CHO-DBT-
eq

(®)

Both partial reactions in Equation (8) are described by a
power law approach. The rate coefficient k is described by
Arrhenius equation [32]. The pre-exponential factor k, and
the activation energy E, are determined according to
GeiBelbrecht et al. [12]. The constant

AcatMeatWnm

= ©)

Vionc

represents the properties of the catalyst in the reactor and
depends on the catalyst mass 1, the mass fraction of noble
metal in the catalyst w,,,,, the volume of LOHC in the reactor
Viounc> and a catalyst activity coefficient a.,. Therefore, the
reaction rate r can be adjusted to different catalyst condi-
tions. The kinetic approach is only valid for the hydrogen
release from liquid H18-DBT and thus we assumed that the
hydrogen release is only possible from liquid H18-DBT.
Over the catalyst lifetime, the reaction can be inhibited by
various effects, as described, for example, in Wunsch, Berg,
and Pfeifer [35] or Solymosi et al. [36]. The occurring effects
are not sufficiently studied to express them analytically. For
this reason, a, is assumed to be constant and determined
from measurement data. The chemical equilibrium between
the two partial reactions is expressed by the equilibrium
constant Kq. Since the hydrogen produced is gaseous, the
DH is a biphasic reaction. Therefore, the equilibrium con-
stant K¢ has to be defined by a heterogeneous equilibrium
[37]. In GeiBelbrecht et al. [12], K4 is derived as

_ DoDH (10)
(1 - DoDH,,)"

_ CHO-DBT.eq

Keq =
CH18-DBT.eq

not considering the concentration of gaseous hydrogen. The
molar concentrations at equilibrium are given by CHO-DBT.cq
and ¢yy15-ppr.eqr and DoDH,q denotes the degree of dehydro-
genation (DoDH) at equilibrium. It is defined as the ratio of
the amount of released hydrogen to maximum amount of
reversibly releasable hydrogen. In Diirr et al. [38], a correla-
tion for DoDH,q as a function of temperature and pressure is
described.

With the assumptions described above, the mass balance
(Equation 3) for the presented cuboid DH reactor results in

OCro-DBT OCHo-DBT

= — 1la
ot My, th (11a)

OCH13-DBT OCH13-DBT
— — 11b
ot T, " (11b)

(3CH2 6CH2

= - 9r, 11c
()t MG az + 9r ( )
¢i(0.2) =g, (t.0) =c;in. (11d)

Using the mass balance of the cuboid DH reactor shown
in Equations (11a)—(11d), the hydrogen volume flow VHZ at
normal conditions at the outlet of the reactor can be
expressed by

. Vv
Vu, = 9—cyyo_per(t. L,), (12)
CH, N

where cy,  is the concentration of hydrogen at normal con-
ditions and L, the length of the reactor in z-direction. It
should be emphasized that Equation (11c) is not needed
for the calculation of VH2 and therefore the model can be
simplified.

3.2. Conversion Model. A further simplifying assumption is
that the LOHC feed stream consists entirely of H18-DBT. As
a result, the amount of substance nyy;3_pgr of H18-DBT can
be described as the difference in the amounts of substances
nmis—perin Of H18-DBT at the inlet of the reactor and
npo—ppr of HO-DBT. Under the assumptions of a constant
volume of the liquid phase, it follows

CH18-DBT — CH18-DBT.in — CHO-DBT- (13)

In addition, the conversion

CHo- CH18—
X(t, Z) _ HO-DBT —1- H18-DBT i (14)

CH18-DBT,in CH18-DBT,in
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is introduced to further simplify the model without loss of
information. It indicates the proportion of the substance
converted by the chemical reaction in relation to the sub-
stance feed [39].

The transformed mass balance system for describing the
hydrogen volume flow of the cuboid flow reactor is as follows

X X
E:—ULG_Z“FT’X, (153)
Vi, =9 MU=DOL 7 X (1 1,), (15b)
CH, N
X(0,z) =Xy, X(t,0)=0, (15¢)
E 1
rx = kOC exp <— R—f}> CHIS—DBT,in (1 - (1 - Keq) X> .

(15d)

The released hydrogen flow Vy is only dependent on
the concentration change of H18-DBT. As we assumed only
hydrogen release from liquid H18-DBT, the concentration
change of H18-DBT and hydrogen is only dependent on the
liquid phase velocity u; and the gas phase velocity ug must
not be considered.

3.3. Evaporation of LOHC. In the previous section, it is
assumed in a simplified way that the liquid holdup Hp
and therefore also the liquid phase velocity u; are con-
stant. As described in Geif3elbrecht et al. [12], evaporation
of the LOHC occurs particularly at high reactor tempera-
tures or low reactor pressures. A common approach to
describe the mass transfer that occurs between the liquid
and gas phases is the two-film theory [32, 40], which
assumes that the mass transfer does not occur directly
between the liquid phase and the gas phase but through
an interface. The mass transfer between the phases and the
interface is calculated by the concentration differences or
pressure differences and a corresponding mass transfer
coefficient. For the presented LOHC system, however,
the mass transfer coefficients are not known, which is
why an alternative approach based on Geielbrecht et al.
[12] is used here.

It is assumed in the following that the liquid phase and
the gas phase are in equilibrium at all times, that is, there is a
vapor-liquid equilibrium (VLE). The phase equilibrium is
characterized by both phases being in thermodynamic equi-
librium and having the same chemical potential. The VLE is
described in a simplified way using Rauolt’s law, which is
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TasLe 1: Vapor pressures of HO-DBT PL¥ ... and H18-DBT
PLY opr calculated with the correlation from [42] and fugacity
of hydrogen Py using the correlation from [43] for selected
temperature.

T (°C) Pi_per (Pa) Pi\s_per (Pa) P h‘: (Pa)

280 6.331x10° 1.064 x 103 1.988 x 107
300 1.146 x 103 1.860 % 103 1.838x 107
320 1.965 % 103 3.105 x 103 1.704 x 107

Abbreviation: DBT, dibenzyltoluene.

based on the fact that the fugacity of the two phases in the
VLE is the same. Raoult’s law then becomes

xPrY = yip. (16)

where x; is the molar fraction of component i in the liquid
phase, y; is the molar fraction of component 7 in the gas phase, p
is the pressure in the reactor, and PV is the vapor pressure of
component i [41]. The vapor pressure of HO-DBT and H18-
DBT can be calculated using the correlation in Jorschick et al.
[42]. For hydrogen, the fugacity according to Prausnitz and Shair
[43] is used instead of the vapor pressure. Table 1 shows the
calculated vapor pressures and fugacity for various temperatures
in the temperature range of the cuboid reactor. It can be seen that
the fugacity of hydrogen is much larger with respect to the vapor
pressures. Therefore, it can be assumed in a simplified way that
the hydrogen is still present only in the gas phase and thus no
solubility of the hydrogen in the liquid phase needs to be
considered.

Due to the evaporation of the LOHGC, it can no longer be
assumed that the volume flow of the liquid phase V| remains
constant over the reactor. Thus, the flow velocity of the liquid
phase uy is also no longer constant and must be calculated
accordingly. This can be expressed by

Vi My
uL _ =

A, ArHipp

where A; is the cross-sectional area of the liquid phase in the
reactor, Hy is the liquid holdup, Ay is the total cross-
sectional area of the reactor, and 7; is the molar flux of
the liquid phase. The molar mass is M; and p; denotes the
density of the liquid phase. Corresponding values and corre-
lations are presented in Miiller et al. [6].

Due to the VLE and the variable liquid holdup, the fol-
lowing algebraic conditions must be fulfilled when solving
Equations (15a)—(15d):
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ny Mg
up = . (18a)
ArHipy
p _ 111, H0-DBT ng (18b)
PHo_per Ny, G Ho-DBT
P _Pimsoper_ fig (18¢)
Ph\{g_DBT ’;lL ﬁG,HlS—DBT '
X — ALin = ML HI8-DBT — /G H18-DBT (18d)
’;lL,in '
Ay, = AL H18-DBT T M1, HO-DBT» (18e)
nG = G ms-per + GHO-DBT T 9(ﬁL,H0—DBT + ﬁG.Ho-DBT)» (18f)
A1 in = AL H18-DBT T M1, H0-DBT + 7G H18-DBT T "G HO-DBT> (18g)
Hy, = aRé} Rel,(ayd;)°, (18h)

where 711 and 71 are the molar flux of the liquid and gas
phase, 71 113_ppT and 71 ms_ppr are the molar flux of H18-
DBT in the liquid and gas phases, 11 130_ppr and 75 xo_ppr
are the molar flux of HO-DBT in the liquid and gas phases,
and 71y ;, is the molar flux of the liquid phase at the inlet of
the reactor. This set of equations can be solved algebraically
and expressed by the flow velocity u; = f(V i, T, p, X) as a
function of the inflow volume flow V' ;,, the temperature T,
the pressure p, and the conversion X.

3.4. Steady-State Model. The optimization of the operating
points is based on a steady-state model for the released
hydrogen volume flow V. In order to obtain the steady-
state model, the time derivative on the left-hand side of
Equation (15a) is set to zero, which allows the stationary
conversion X to be expressed by

X(2) = X(t, 2) with ‘Z}lf o, (19)

For the calculation of the stationary conversion X backward
differences of the partial differential Equation (15a) over the
position variable z are used. The resulting discretization can
also be interpreted as a cascade of partial reactors, where each
partial reactor is assumed to be a continuous stirred tank reactor
(CSTR). Due to the arrangement of the HRs and TCs in the
reaction zone of the considered reactor, it is suitable to divide it
into N = 14 partial reactors, as schematically shown in Figure 2.
In this way, the rows of HRs are located in the centers of the
partial reactors. Moreover, the rows of TCs are located at the
boundaries of the partial reactors, which allows the determina-
tion of the reactor temperature in each partial reactor. In

\

addition, the comparatively small number of CSTR elements
simulates a deviation from the ideal plug flow tubular reactor
as reported by Geif3elbrecht et al. [12]. The discretized station-
ary conversion X at the end of the partial reactor k can be
expressed by

X=X (kAz) fork=0,..., N, (20)

where Az is the length in z-direction of a partial reactor. The
conversion X, at the beginning of the reactor is assumed to
be zero, since the LOHC feed VLOHC’m = VLJ consists only
of H18-DBT. The set of equations for describing the hydro-
gen volume flow V7 at steady-state operating points finally
results in

X -X
OZ—ML,k%—FrX,k fork=1,...,N, (21a)
7 CHI8-DBT v,
Vi, = 9LVL.NXNv (21b)
CH, N

where uy g := uy (V. T, p, X;) is the flow velocity of partial
reactor k and ry x := rx (T, p, Xy ) is the reaction rate of partial
reactor k.

In the following, the function for calculating the conver-
sion in the last partial reactor is

Xn=fx, (2)s.t. (21), (22)
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FiGURE 3: Structure of the hybrid model with parallel approach [19].
AM, analytical model; HM, hybrid model.

and for calculating the hydrogen volume flow
Vi, ==fVH2 (z) s.t. (21), (23)

with the input vector z defined in Equation (1). Note that the
subordinate solution of the set of Equations (21a) and (21b)
in the functions is assumed.

3.5. Hybrid Model. In the previous section, some effects were
neglected in the modeling and simplifications were made, such
as neglection of dispersion, the simplified reaction kinetics or
assumption of equal flow velocity, since a mathematical descrip-
tion is not possible or no data are available. To improve the
obtained AM and to take these effects and simplifications into
account, it is extended to a HM in the following. This approach is
often used for chemical processes and contributes significantly to
model improvement, as will be shown in Section 4.

Sohlberg and Jacobsen [19] have presented and com-
pared different methods of gray box modeling. For the pres-
ent problem, a HM with a parallel approach is suitable as
shown in Figure 3. Here, the output signal of the black box
model is added to the output signal of the AM. The resulting
signal is finally the output of the HM. In a sense, the black
box model reproduces the error of the AM, which is why it is
called an additive error model in the following. Applying the
introduced model structure of the HM results in

fVHZ.HM (z) :fVHZAAM (2) +fAVH2 (z), (24)

where fi; HM( z) is the function of the HM, f;; AM( z) is the
function of the AM (Equation 23), and fy (z)Z is the func-
tion of the error model of the hydrogen vélume flow rate.
The conversion Xy 11 of the HM can be calculated from the
hydrogen volume flow of the HM by

CH, N

Xnmm = VH2 HM™ fo m(2)- (25)

9CH18-DBT,in VL

A purely data-based approach for the black box error
model is GPR. A Gaussian process (GP) is a nonparametric
stochastic model that is completely described by its mean
function m(z) and its covariance function k(z,,z,) [44].
Assuming that the GP represents a function f(z), it is
written as

International Journal of Energy Research

f(z) ~8P(m(z),k(z,2)). (26)

In GPR, the function f(z) is directly mapped by prior in
form of the data set with input Z and output y. For the
prediction of the test output y of a test input z, the joint
normal distribution /#(+) of the training output y and the
test output y results in

o
Y

The mean function m(z) is often chosen to be zero.
Alternatively, a constant or a polynomial can be fitted to the
prior to represent a data drift. The most commonly used
covariance function is the squared exponential kernel

k 2 ”zm _ZnH% 25 28
(2, 2,) = OF €Xp R + 6860 (28)

where ||-||, is the Euclidean norm, ¢ is the signal variance,
%, is the measurement noise variance, [ is the length-scale
parameter, and &, is the Kronecker delta. To predict the
test output y for the test input z, the conditional distribution
leads to the posterior mean and variance functions

E(z) = m(z) + k(2. 2)(k(Z.2))"'(y - m(Z)),  (293)

Var(z) = k(z.2) - k(z. Z) (k(Z. Z))"'k(Z. 2). (29b)

The posterior mean E(z) and variance Var(z) describe
the prediction and uncertainty of the model at the arbitrary
test point z. The signal variance o2, the measurement noise
variance o%;, and the length-scale parameter [ are free param-
eters and generally called hyperparameters 0 = [I, o, ox]".
The most commonly used method to determine the hyper-
parameters is the minimization of the log marginal likeli-
hood function

. 1
min logp(y|Z.0) = -2 y'k(Z,
(30)

where # is the number of data points in the data set [44].

4. Validation

The HM in the last section consists of an analytical and a
data-driven part. The unknown coefficients of the AM have
to be determined using measurement data from the pre-
sented reactor. The data-based error model consisting of a
GP must also be trained with measured data. This section
presents the parameterization and training of the models and
the resulting model validation.

4.1. Parameterization of Analytical Model. The five unknown
coefficients in the AM (Equations 21a and 21b) are the

1 n
)™y -5 loglk(Z.Z)| - 5 log(2).
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TaBLE 2: Determined dimensionless coefficients of the reaction
kinetic (Equation 8) and the liquid holdup (Equation 5) as part of
the analytical model.

Acat 0.24229
a 0.09851
p 0.53598
7 -0.72823
B 0.26710
Analytical model
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Ficure 4: Comparison between the measured hydrogen volume flow
Vi, measured and the hydrogen volume flow Vi, nodelea calculated
with the AM. AM, analytical model.

catalyst activity a,, in the reaction kinetic (Equation 8) and
the constants in the liquid holdup correlation (Equation 5),
that is, @, 3, 7, and &. These are determined using a nonlinear
least square regression analysis using 13 out of 30 available
data points to parameterize a model that is as general as
possible. The data points result from the best possible map-
ping of the value range of the reactor from the available data.
The remaining 17 data points are used for validation.

The parameterized coefficients of the AM are shown in
Table 2. The determined catalyst activity a., is quite small
with 24.229%. This could result from the influence of sim-
plifications made in the modeling. Note that the constants
from the liquid holdup correlation differ from the results
obtained in Stiegel and Shah [34] due to the different reactor
setup, flow conditions, volume flows, and physical properties
of the reactants.

A comparison of the measured and modeled hydrogen
volume flow V' using the AM with the determined param-
eters is shown in Figure 4. As can be seen, the fitted AM

TasLE 3: The squared norm of the residual and RMSE of the AM
and HM.

AM HM
Residual (NL? min~2) 48.431 11.111
RMSE (NL min™!) 1.271 0.609

Abbreviations: AM, analytical model; HM, hybrid model; RMSE, root mean
square error.

describes the behavior of the hydrogen volume flow in a
qualitative manner. However, an error greater than 15%
occurs at some data points. In addition, Table 3 shows the
squared norm of the residual and the root mean square error
(RMSE) of the parametrized AM.

4.2. Training of Error Model. The training data set for the
GP-based error model consists of the input vector of the
reactor z and of the deviations of hydrogen volume flow
Vy, corresponding to

AVHZ = VHz.measured - VHZ,AM (31)

between measurements and the output of the AM. A total of
20 data points are used for the training, consisting of the data
points already used in the parameterization and seven addi-
tional data points. The remaining 10 data points are used to
validate the training. For the GPR a squared exponential
kernel is used. The hyperparameters were optimized to /=
0.2038, o =1.2677, and o = 0.3875 by the training.

A comparison of the measured and modeled hydrogen
volume flow Vy, using the HM is shown in Figure 5. The
deviations of the measured and modeled hydrogen flow rates
are less than 15%. The majority of the data points even show
a much smaller deviation. Compared to the deviations of the
AM as shown in Figure 4, a significant improvement in
model accuracy is visible. This improvement is also evident
by comparing the residual and the RMSE of the two models,
as shown in Table 3. Overall, the HM can describe the hydro-
gen volume flow rate with sufficient accuracy.

5. Optimization of Operating Points

In this section, the optimization of the operating points of
the LOHC DH reactor is presented. For this purpose, first,
the requirements for the operating points are defined and
subsequently a corresponding optimization problem is for-
mulated. Afterward, BO is presented as a method to solve the
optimization problem and additionally, an approach for the
global optimization of the acquisition function is applied as
part of the BO.

5.1. Optimization Problem. As already described in Section 1,
the energy required for endothermic DH is supplied in the
form of heat. However, DH of LOHC can take place where
no peripheral energy, such as waste heat from other pro-
cesses, is available. Therefore, it has to be expensively pro-
duced from the released hydrogen, for example, by using a
hydrogen burner [13]. For this reason, it is particularly
important to utilize the LOHC to the best possible extent
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Ficure 5: Comparison between the measured hydrogen volume flow
Vi, measured and the hydrogen volume flow V', 1oqeeq calculated
with the HM. HM, hybrid model.

and to keep the reactor temperature as low as possible, as this
facilitates heat transfer. This can be achieved by a proper

International Journal of Energy Research

choice of the input variables (Equation 1) of the reactor for
steady-state operating points.

Depending on the further use of the released hydrogen, there
are certain requirements for an optimal operating point, which
are explained below. Usually, downstream apparatuses for
hydrogen purification and reconversion of hydrogen require a
certain constant hydrogen volume flow VI*{Z, which has to be
provided by the LOHC DH reactor or by a compressor, which
reduces the efficiency of the complete process. Furthermore,
these apparatuses are usually operated at a certain pressure. It
is advantageous to operate the DH reactor at the same pressure
p* in order to avoid a subsequent compression and thus addi-
tional energy expenditures. The hydrogen yield from the LOHC
can be expressed by the conversion at the end of the reactor X y.
In the best case, this should be )_(}"\, =1 in order to utilize the
LOHC in the best possible way. As already described, the reactor
temperature should be as low as possible so that minimal
released hydrogen has to be used to generate the required heat
energy. This leads to T* = T~, which is the lower permissible
reactor temperature. At last, the LOHC volume flow at the inlet
of the reactor can be chosen freely.

From the listed requirements, a cost function J(z) can be
formulated which penalizes the deviations from the desired
values quadratically. Due to the partly conflicting optimiza-
tion goals, the requirements in J(z) are prioritized by
weights. In addition to the above optimization requirements,
constraints on the input variables of the presented cuboid
flow reactor have already defined in Equation (2). Overall,
the following optimization problem is formulated as

min J(z) =qr(z = T7) +8,(z - p") + qx(Xn = 1)* + 8y (Vi - Vi) (32a)
st. z-<z<zh Xy =f; (2) & Vi, = fr,, (@). (32b)

The hierarchy of requirements is realized by a suitable
empirical choice of the weights g7, g,, gx, and qy,, which serve
as design parameters. To avoid numerical problems, the states
are normalized to the range from 0 to 1, which is taken into
account in the scaled weights 1, g, 9y, and gy, The values of
Xy and Vy, can either be calculated by the presented HM
(Equations 24 and 25) or measured at a DH reactor. The
second option is very time consuming, so the number of
observations that are required in the optimization should be
kept as small as possible. Approaches such as BO are particu-
larly suitable for this type of optimization problem.

5.2. Bayesian Optimization. BO is a powerful framework to
find the extremum of a function whose mathematical descrip-
tion is unknown, nonconvex, or expensive to evaluate [23]. It
is a sequential model-based approach that uses prior knowl-
edge of the objective function J(z) to sequentially update the
model by adding more data points to find the extremum of the

objective function [45]. The two main ingredients of the algo-
rithm are the probabilistic surrogate model and the acquisi-
tion function.

The surrogate model uses the prior distribution and repre-
sents the objective function with its probabilistic uncertainty.
Asaresult, the complete available knowledge is used to present
the process. The surrogate model J(z) is often represented by
a GP, which, in addition to the expected value, specifies the
uncertainty in form of the variance at the analyzed point:

J(z) ~ EP(m(z).k(z,2')|D;). (33)

Thereby, 2, is the data set in iteration i of the BO that
was used to train the GP. The GP has already been described
in Section 3.5.

There are a large number of acquisition functions that
have different features and benefits. A good overview of the
different functions is given by Brochu, Cora, and De Freitas
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[23] and Shahriari et al. [45]. A common acquisition func-
tion is the expected improvement (EI)

EI(Z‘QI) :E(ma—x{]min,i —](Z),O}), (34)

where J,; = min{J}, ..., J;} [46]. The EI balances the trade-
off between the exploration of unknown areas (global search)
and the exploitation of known areas (local optimization)
[23]. For Gaussian variables, as they are assumed here, the
analytical closed form is given by

(1 Bz ) [ Lmini ~ B(ZZ))

+ Var(2|2;)¢ (’—“““"’V;Ef;")>

(35)

with the normal cumulative distribution function @(-) and
the probability density function ¢(-). To maximize the EI,
the acquisition function a is defined by

a(z|,) = ~EI(2|2)). (36)

This specifies the utility of the posterior model that
results from evaluating the objective function at the analyzed
point. To find the extremum of the objective function J(z),
the acquisition function a is optimized iteratively, considering
potential equality and inequality constraints g(z) =0 and
h(z) <0. In the case of the considered LOHC DH reactor,
only inequality constraints resulting from the physical box
constraints (Equation 2) are existent. Subsequently, in each
iteration i, the objective function is evaluated at the deter-
mined optimal point and the surrogate model is updated in
terms of the GP. The sequential procedure is executed 7,
iterations until a termination criterion is fulfilled. Finally, the
optimal solution (zp, J(Zp)) at iteration iy, is returned. The
sequence of BO for optimization of steady-state operating
points is shown in Algorithm 1.

5.3. Global Optimization of Acquisition Function. BO
requires the global minimum of the optimization problem
(Equations 37a and 37b). Since the acquisition function
(Equation 36) is usually a nonconvex function, a conventional
gradient-based approach typically does not converge to the
global optimum. Androulakis, Maranas, and Floudas [47] pre-
sented an algorithm called aBB, which is a method for global
optimization of constrained nonconvex problems.

The basic idea of the algorithm is to convexify nonconvex
terms by overpowering the nonconvexity of the origin term
with the addition of convex quadratic functions in z. Thus,
the convexified acquisition function a.,, is given by

11

1: Initial data set: Dy = (Z,,J(Z,))
2: Train GP with 9:

J(z) ~ &P (m(2), k(z, 2')|Dy)

3: for i < iy to iy, Do
4:  Minimize acquisition function a over GP:

z;=arg min, a(z|D;_;) (37a)
s.t. g(z) =0, h(z)<0 (37b)

o

Evaluate process at z; and expand data set:
2;={Di1. (2. J(z))}

6: Train GP with 9;:

J(z) ~ P (m(z), k(z, 2)|D;)

7: End for
: Return optimal solution: (Zoy, J(Zopt)) at i = gy

o

ALGORITHM 1: Bayesian optimization.

Aeony(2) = a(z) + éaj(z‘, zt) (zj‘ - zj> (zj+ - zj>,

(38)

with the lower and upper bound z* = [z, z&f, z5]T of the
input vector z and the nonnegative coefficients

aj(z—,zﬂzmax{o,—l min ﬂ(z)}, (39)

7z <z<z"

where A(z) are the eigenvalues of the Hessian matrix of a.y,
over z; <z; SZ]-+, j€1,2,3. In Maranas and Floudas [48],
the eigenvalues of the Hessian matrix are calculated using
the concept of the measure of a matrix. Further information
about the algorithm can be found in Androulakis, Maranas,
and Floudas [47].

6. Evaluation of Operating Point Optimization

In order to evaluate the optimization of operating points,
the application scenario and the resulting optimization
requirements are explained below. Afterward, the optimiza-
tion concepts are presented before finally the results are
given and the optimization concepts are compared with
each other.

6.1. Optimization Scenario. It is assumed that the hydrogen
produced by the LOHC DH reactor is subsequently used in a
proton exchange membrane fuel cell (PEMFC). In order to
achieve a desired output of the PEMFC, a certain hydrogen
volume flow rate is required. In this evaluation, hydrogen
volume flow rates V*Hz of I0NL min~" and 18 NL min~" are
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TasLE 4: Desired optimization variables and scaled/unscaled weights for the optimization scenario.

T* 280°C ar 20 s 0.0125 K2

P* 2bar(a) 9y 500 4, 125 bar(a)™2

Xy 1 ax 200 x 200

Vi, (10,18) NL min~! v 2500 Gv 3.698 min®NL2

Note: The variables marked with (*) are the desired optimization variables.

TaBLE 5: Optimized steady-state operating points, cost functions, and optimization process metrics of the three considered optimization
procedures, the model-based NO with HM, the model-based BO with HM, and the model-free BO with RMs, for Vl"‘iz =10NLmin™'.

NO with HM BO with HM BO with RM

Vioncm (Lh™) 1.45 1.44 1.41
T (°C) 310.50 313.17 313.98
p (bar(a)) 2.00 2.00 2.07
Vi, (NLmin™) 9.87 9.95 10.08
Xy 0.647 0.655 0.677
J min 36.597 37.539 35.875
 max 14 15 20
iopt 13 13 11

10° e R S 10° NEEEEE
Ji ¥ § : ) 1

— J(z) 3 E 10% E 3 10°
].minl E 3 E 3 E o
-== lopt C ] C ] - i 4
- iy L i L i L i i
101 i i i 101 i i i 101 L i i
5 10 15 20 5 10 15 20 5 10 15 20

Abbreviations: BO, Bayesian optimization; HM, hybrid model; NO, nonlinear optimization; RMs, reactor measurements.

considered. The operating pressure of the PEMFC is assumed to
be 2bar(a), resulting in the desired value p* for the reactor
pressure. Since no process heat can be obtained from the
PEMFC to operate the DH reactor, the reactor temperature
should be as low as possible to enable integration with
potential waste heat sources.

The constraints of the optimization variables described
in the optimization problem (Equations 32a and 32b) result
from the physical box constraints (Equation 2) of the reactor
presented in Section 2, which is used for the evaluation. The
desired values are shown in Table 4. Since the optimization
objectives are partially conflicting, the requirements are pri-
oritized accordingly. This is realized by an empirical choice
of the weights g, g,, qx, and gy, of the normalized squared
deviations of the optimization variables from the desired
values, which was carried out using simulations according
to the hierarchy of the requirements. The normalization of
the states is taken into account in the scaled weights g, g,,,
gy and gy, see Table 4.

In this evaluation, three optimization procedures are
investigated and subsequently compared with each other.
These are

e a model-based NO with HM,
e a model-based BO with HM, and
e a model-free BO with reactor measurements (RMs).

These three optimization procedures allow to evaluate the
performance of BO in comparison to NO using the two
model-based procedures with the HM. Moreover, they allow
for a comparison of model-based and model-free BO. The
algorithm used for the NO is SQP. This algorithm is also
used as a solver for the global optimization of the acquisition
function in the BO. In these cases of the model-based NO and
BO, the presented and validated HM is used for the evaluation
of the cost function J(z), whereas in the case of model-free
optimization, RMs are used to evaluate the cost function J(z).
To generate the initial data set @, of the BO, iy = 6 data points
are selected that are distributed over the entire value range,
and the cost function J(z) is evaluated accordingly.

6.2. Experimental Results. The results of the operating point
optimization with the three procedures for the two consid-
ered hydrogen volume flow rates Vﬁz of 10NL min~" and 18
NL min~" are shown in Tables 5 and 6.
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TasLE 6: Optimized steady-state operating points, cost functions, and optimization process metrics of the three considered optimization
procedures, the model-based NO with HM, the model-based BO with HM, and the model-free BO with RMs, for VI*{2 =18 NLmin~'.

NO with HM BO with HM BO with RM
Vioncin (Lh™) 2.61 2.63 2.64
T (°C) 320.00 320.00 319.76
p (bar(a)) 2.00 2.00 2.02
Vi, (NLmin™) 17.28 17.35 18.20
Xy 0.628 0.625 0.653
T min 49.628 49.683 44.019
i 9 13 12
fopt 8 8 8
103 E T T 1B E 103 T T T E 103 : I : E
J } ] NN ] ] ]
3 ) r l ) ‘
A : 3 107E E 107 K E
— ]min,i e ] E RN ] E - ‘ E
= gpt ' ] C v ] Fe 1
--- iy 3 1 R 1 - T 1
10! P i 10! fLob i 10! L -
5 10 15 20 5 10 15 20 5 10 15 20

Abbreviations: BO, Bayesian optimization; HM, hybrid model; NO, nonlinear optimization; RMs, reactor measurements.

For the required hydrogen volume flow rate V}; =
10 NLmin™!, all three optimization procedures find almost
the same operating points. Compared to the optimized oper-
ating points of the two BO procedures, the reactor tempera-
ture T of the NO deviates slightly downward. However, it is
well seen that despite the higher prioritized maximization of
conversion Xy, T was lowered enough to obtain the best
possible tradeoff between hydrogen release and lowering the
temperature for easier heat integration and more selective
DH. The optimized reactor pressure p is at the lower limit
of the value range. The desired hydrogen volume flow rate

/ i1, is provided mostly reliably by all three optimization pro-
cedures and also the conversions X are in the range of
64%—68%. Only a small deviation is observed between the
operating point optimization with the HM and with the RMs,
suggesting sufficient accuracy of the HM in this range. As
mentioned above, the conversion could be further increased
by raising the reactor temperature, but this would mean to
apply harsher process conditions with a potential production
of unwanted heavy-boiling side-products (HBSPs). The
HBSPs reduce the possible storage cycles of the LOHC mate-
rial and can change the physical properties, which is not
desired.

Table 5 also shows the curves of the cost function J(z;)
plotted over iterations i. It is seen that for all procedures, the
minimum costs [, ; =min{Jj,....J;} up to the respective
iteration i decreases strongly in a few iterations. The high
costs up to the initial iteration i, are caused by the initial data
set D,. This is distributed over the entire value range of the
reactor. The singular peaks of the cost function J(z;) are due
to the exploration behavior of the BO.

The number of iterations 7, used are very small for the
model-based procedures with the HM. For the model-free
BO with the RMs, slightly more iterations are performed.
The iteration iy, of the optimal solution is nearly the same
for all procedures. In case of the optimization with the RMs,
i max Tepresents the process evaluations.

The second case with the desired hydrogen volume flow
rate VI";IZ =18 NLmin™! is presented in Table 6. All methods
find nearly the same steady-state operating point. The reac-
tor temperature T in this case is at the upper limit of the
value range. The reactor pressure p is still at the lower limit of
the value range. The small deviations in the hydrogen vol-
ume flow rates VHz and conversions Xy of the HM and the
RMs show that the HM does not model this range as well as
in the first case, but still with a sufficient accuracy.

The cost functions J(z;) show lower explorations for the
two procedures with BO than for V*2 =10NL min™! case.
The deviations of Vi, and X explain the higher minimum
costs J i, of the two procedures with the HM compared to
the BO with the RMs. The number of used iterations i,
and the iteration i, of the optimal solution are smaller for

/ f, = I8 NLmin™" than for Vﬁz =10NL min™!.

Overall, all three procedures perform well in both cases,
Vi, =10NLmin~" and V}; =18 NL min~". The two model-
based procedures, the NO and the BO with the HM, show
almost no differences. By comparing the operating points found
with the HM and the RMs, it is evident that inaccuracies are still
present in the model, but it has sufficient accuracy for optimiza-
tion. This is also shown in the validation in Section 4. The
model-free optimization of operating points using the BO with
the RMs achieves the best results. The optimized operating
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points have the lowest minimum costs J;, compared to the
operating points of the model-based procedures and the conver-
sions Xy are also higher. It should be emphasized that this
method does not use any process knowledge but only measure-
ment data, which means that it can be applied to these complex
processes without much effort. However, measuring the steady-
state data points requires a lot of time due to the slow transient
process.

7. Conclusion

In this paper, the optimization of operating points of a
LOHC DH reactor is presented. For this purpose, an analytic
model is derived and subsequently extended to a HM with an
additive error model. In particular, phenomena such as evap-
oration of LOHC are included. For the parameterized and
trained HM, validation shows that sufficient accuracy is
achieved.

As an alternative approach to the NO method, BO is
presented for the optimization of operation points. In the
evaluation, it is demonstrated that BO provides comparable
results to NO with HM, both in conjunction with HM and
the RMs. It should be emphasized that the model-free BO
with the RMs provides even better results in terms of higher
conversions and lower minimal costs of the cost function
compared to the model-based optimization procedures stud-
ied. Thus, it could be shown that BO is a suitable approach
for this type of optimization. Especially, it offers the advan-
tage that no complex modeling has to be performed, as it is
needed for gradient-based optimization approaches. In addi-
tion, more complex optimization scenarios can be realized,
for example, where the variable that is expensive to evaluate
must be taken into account in the constraints. A corre-
sponding approach to this is provided by Bergmann and
Graichen [49].

The presented AM has the potential for improvement.
Simplifications have been made due to insufficient knowledge
of the phenomena, which should be further investigated.
Model improvement is also desirable in terms of LOHC DH
reactor control. In particular, a suitable dynamic HM needs to
be derived for dynamic reactor control. Furthermore, the
application of BO to another LOHC system such as benzyl-
toluene (HO-BT)/perhydro-benzyltoluene (H12-BT) is inter-
esting as it seems to clearly outperform the HO-DBT/H18-
DBT LOHC system [50].
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