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Abstract

Hydrogen is proposed as a fuel for maritime decarbonization, but its storage is chal-
lenging. Liquid Organic Hydrogen Carriers (LOHCs) offer a solution storing hydro-
gen under ambient conditions enabling to reuse oil infrastructure. The dehydrogena-
tion module, coupled with a Solid Oxide Fuel Cell, is modeled using a first-principles
model. Detailed three-phase reactor modeling accounts for heat, mass and momen-
tum and represents relevant phenomena in LOHCs reactors. Two different stages are
set: process design and operation. In the first one, unit design parameters and oper-
ating conditions are considered and several objectives proposed. Additionally, several
reaction technologies are suggested (mixed-integer formulation). With equipment de-
fined, operation is optimized. Expensive high-complex models hinder optimization.
Hence, Machine Learning algorithms and specifically Bayesian Optimization (BO) can
be leveraged for LOHCs optimization. Process design involves the optimization of a
mixed-integer, single (SO) and multiobjective (MO) constrained formulation. Then, SO
and MO constrained optimization are carried out for operation. To handle integers,
adapted kernels and multiple acquisition function optimizers are used. These strategies
perform comparably or better than approaches ignoring integers. Then, these are en-
couraged for an effective mixed-integer optimization. Design stage reached a trade-off
with 1990 $/kWel and 5.95 l/kWel equipment investment and volume respectively and
37.49% efficiency. Detailed reactor models differ significantly from simplified baselines
showing the need to accurately represent these units. Then, operation MO was carried
out. Pareto Front was built with several operational points. Hence, the use of LOHCs
for hydrogen storage in maritime sector is explored and promoted.
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1. Introduction

The transportation sector is responsible of approximately 25% of global emissions.
From them, maritime transportation represents 11% (ICCT, 2020). The International
Maritime Organization (IMO) proposes a net-zero scenario for international shipping
around 2050 (MEPC, 2023). The decarbonization of some activities such as refining or
chemical industries is expected to be subjected to the integration between renewables
and process electrification (Baldea et al., 2025). However, direct use of renewables on
cargo ships is not regarded as a feasible option. Therefore, the use of low-carbon hydro-
gen is proposed to promote the reduction of emissions in this sector. Either fuel cells
or internal combustion engines are feasible options. However, this carrier still needs
to overcome the issues related to its low volumetric energy density compared to other
alternatives (Hydrogen Europe, 2021). Compression and liquefaction are potential op-
tions for its storage. However, they face some challenges for its implementation on
board. Compression may present safety issues and high investment whereas liquefac-
tion has to deal with boil-off losses (Laursen et al., 2023).

Apart from traditional hydrogen storage options, other alternatives have emerged.
This is the case of Liquid Organic Hydrogen Carriers (LOHCs). They can store hy-
drogen within their chemical structure through a catalytic hydrogenation reaction and
release it in a dehydrogenation step. They provide more favorable conditions for hydro-
gen storage and the possibility to reuse refueling infrastructure. Several projects have
appeared for LOHCs use for hydrogen storage in the maritime sector. For example,
the company Hydrogenious presents a LOHCs module coupled with a fuel cell at the
megawatt scale. Their project is under development for the use of benzyltoluene in mar-
itime applications (Hydrogenious Maritime, 2023). Siemens Energy together with other
partners initiated in 2021 a pilot project to evaluate the use of LOHCs in Norwegian
ships (Siemens Energy, 2021). Additionally, some conceptual studies evaluated the pos-
sibilities of using LOHCs in this sector. Gambini et al. (2024a) studied hydrogen storage
with LOHCs technology on a cargo ship. They analyzed the dehydrogenation process
for several LOHCs under dynamic conditions. It was concluded that hydrogen pro-
duction can be effectively modified according to ship power demand. They proposed
the use of Solid Oxide Fuel Cell (SOFC) to cover the LOHCs dehydrogenation heat.
However, they did not study heat integration from the process perspective. Therefore,
detailed process analysis is required to explore the opportunities of this integration in
the maritime sector.
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Here, a conceptual process optimization is proposed for the implementation of LO-
HCs to be used in ships for hydrogen storage. To the best of the authors’ knowledge,
a detailed flowsheet is never proposed and optimized for LOHCs used for maritime
applications. The process is composed of a dehydrogenation (DH) module using diben-
zyltoluene. It is coupled with a Solid Oxide Fuel Cell (SOFC). It can provide the power
for the ship and heat for LOHCs dehydrogenation. It acts as a Combined and Heat and
Power (CHP) module. A holistic approach is used for detailed process assessment. As
in other works, investment minimization is accounted for. However, other areas such
as fuel use efficiency, risk minimization or equipment volume (critical for maritime ap-
plications) are also taken into account.

Two stages are considered for LOHCs optimization. First, a process design stage
is introduced. Optimization for process operating conditions (e.g., reaction pressure
and temperature, the recycle ratio) and design parameters (e.g., reactor dimensions)
needs to be done to meet ship energy demand (process constraints). Additionally, in
the design stage, different reactor technologies are proposed to be used in the dehydro-
genation section (isothermal and adiabatic). To perform reaction technology selection
and determine the number of units for each type, integers must be introduced in the
formulation. The modeling of reaction units has been addressed in several studies, em-
ploying different levels of complexity. Some approaches represent reactor performance
using intrinsic kinetics and equilibrium calculations as shown in Gambini et al. (2022),
who indicated that such formulations could serve as a basis for more detailed models
using ordinary differential equations. Heublein et al. (2020) demonstrated that different
reactor configurations can lead to markedly different hydrogen yields, with reference
to phenomena such as potential catalyst dewetting. These findings indicate that LO-
HCs reaction progress cannot be described by kinetics alone, but also requires explicit
consideration of reactor design and hydrodynamics. In addition, equilibrium-based cal-
culations were shown to significantly overestimate hydrogen yield compared to actual
reactor performance under different conditions. In previous work, mass, heat and mo-
mentum transfer have been accounted for different reactor designs (Prieto et al., 2023).
The developed model included external and internal mass transfer, heat transfer be-
tween bulk liquid and particle and heating media as well as hydrodynamics. In the
case of fixed-bed reactors, liquid holdup (static and dynamic), pressure drop and cata-
lyst wetting efficiency are explicitly considered, as these are critical for reactor design
and scale-up. Other modeling approaches in the literature capture some of these as-
pects but still neglect key transport phenomena. For example, Geißelbrecht et al. (2024)
modeled the performance of a cuboid reactor including intrinsic kinetics, equilibrium
and relevant vapor-liquid equilibrium, but did not account for mass transfer limita-
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tions, pressure drop or catalyst wetting. Rao et al. (2022) incorporated mass transfer
effects. However, liquid evaporation or pressure drop were not considered. Gambini
et al. (2024b) reflected the importance of operating above atmospheric conditions to
overcome pressure drop, but did not explicitly define mass transfer, liquid holdup or
evaporation phenomena.

Overall, while existing models have made efforts to represent this system, some
critical aspects are often omitted. Therefore, in this work, and based on previous one,
several reactor modeling elements are identified as essential. These are systematically
combined within a first-principles framework (Prieto et al., 2023). This refined model
accounts for mass, heat and momentum transfer, vapor-liquid equilibrium and extends
the original adiabatic fixed-bed formulation to represent multitubular isothermal reac-
tor configuration. However, the combination of integers with the high complexity of
these models (non-linearities and differential equations) and the interaction with other
process units, makes it challenging to perform optimization with gradient-based ap-
proaches. Additionally, each model evaluation is expensive. The second stage is re-
ferred to as process operation. After providing equipment sizing (number and type
of reactors, dimensions, heat exchange areas), operation can be optimized under sta-
tionary conditions for various energy demands. This is to mimic different operational
points during ship journey. The different operational states analyzed reflect the range
of situations in which the ship could operate based on proposed LOHCs system. These
have been treated as stationary based on previous work demonstrating the fast dynamic
response of this technology, in the order of minutes (Gambini et al., 2024a). For this sec-
ond stage, operating conditions are optimized based on the ship energy requirements.
Similar limitations are found in process operation optimization compared to previous
process design stage (high complexity of models and expensive functions). However,
in this case, since reactors are already set, no integer decisions are present in the formu-
lation.

At this point, Machine Learning (ML) techniques, specifically data-driven methods,
can help to deal with costly process simulations (van de Berg et al., 2022). For instance,
Bayesian Optimization (BO) is a data-driven technique used to optimize black-box func-
tion problems. It is based on the optimization of a surrogate model, typically a Gaussian
Process (GP). The GP is trained from the input variables and results from the objective
function. An acquisition function is used for the selection of the most promising candi-
dates to be evaluated next, and these new datapoints are incorporated to the GP model.
This procedure is done iteratively (Garnett, 2023).

Alternative optimization strategies can also be considered for process design. Over-
all, other possibilities to handle optimization include deterministic and stochastic
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gradient-based algorithms, metaheuristic methods, and Design of Experiments (DOE)-
based surrogate approaches. Deterministic gradient-based algorithms are efficient in
smooth continuous domains, but their performance degrades sharply in the presence
of discontinuities or non-differentiable transitions typically introduced by integer vari-
ables (Gómez-Castro and Rico-Ramírez, 2025). Stochastic or approximate gradient
methods suffer from similar limitations and often become unreliable when gradients
are noisy, undefined, or prohibitively expensive to evaluate. Metaheuristic strategies
such as Genetic Algorithms, Particle Swarm Optimization or Simulated Annealing can
handle mixed-integer search spaces, but they typically require a large number of eval-
uations to converge, which is impractical for expensive simulations or experiments
(Ong and Teo, 2021; Wu et al., 2024). Benchmark studies comparing gradient-based
approaches against Bayesian Optimization (BO) have shown that BO consistently con-
verges to superior solutions (Zhao et al., 2025). Apart from solution quality, compu-
tational cost is a key differentiating factor. For gradient-based approaches, when an-
alytical gradients are unavailable, numerical gradient estimation requires at least one
additional function evaluation per decision variable and per iteration, leading to a com-
putational cost that scales linearly with the problem dimension (Nocedal and Wright,
2006). Consequently, even for a moderate number of design variables, the total num-
ber of function calls rapidly exceeds that of BO. This effect has been reflected in Diess-
ner et al. (2024) where a gradient-based optimizer required at least six times more ob-
jective function evaluations than BO in a continuous optimization problem. An even
larger gap is expected in mixed-integer formulations, where gradient information is
either unavailable or unreliable, making such computational overhead unacceptable
when objective evaluations are expensive. These differences are further amplified for
metaheuristic methods. Although in some cases minimum computational budgets of
approximately 250 iterations are reported, these values already exceed typical BO bud-
gets for expensive optimization problems. More generally, recommendations of 50 it-
erations per decision variable are common, and significantly larger budgets are often
required to avoid premature stagnation and ensure convergence, with improvements
sometimes observed only after hundreds of thousands of iterations (Kazikova et al.,
2021). Surrogate-based optimization from a fixed DOE is another possible alternative,
but relying on a static global model often fails to focus sampling on the regions where
optimal values are located. Hence, a higher number of iterations is expected to this
alternative compared to BO to reach comparable results. Overall, mixed-integer expen-
sive optimization remains challenging for traditional methods, which generally require
an excessive number of iterations and thus become infeasible for high-cost objective
functions (Zhang et al., 2020). BO is able to perform optimization within a reduced
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number of iterations. Another advantage is that the objective function is directly eval-
uated from the real function. This is particularly useful in formulations including, for
instance, differential equations. Otherwise, alternative approaches need to be used (e.g.,
discretization, surrogate models). Therefore, the use of BO is highly encouraged for LO-
HCs process optimization, considering the presence of rigorous reactor modeling in the
formulation. BO has been already proposed for the optimization of complex process
scale formulations (Paulson and Tsay, 2025). For instance, it has been applied for some
applications such as ethylene oxide optimization using design and operating parame-
ters (Iwama and Kaneko, 2021). Similar process design examples using BO include the
optimization of CO2 adsorption or DME production (Ward and Pini, 2022; Nakayama
and Kaneko, 2023). And, specifically, this ML technique has also been applied in the
LOHCs field for dehydrogenation reactor optimization as an isolate unit by Verhoolen
et al. (2024). Hydrogen production was set while operating conditions such as tem-
perature are minimized and final conversion maximized. However, apart from reactor
optimization, the entire process design needs to be addressed and other areas analyzed
(e.g., energy efficiency, safety, volume).

At the same time, BO can be adapted based on the requirements of the LOHCs pro-
cess optimization problem. For example, while this framework can be applied to single
objective optimization, the possibility to account for several objectives at once, as done
in this work, and perform multiobjective optimization (Fromer et al., 2024) has also
been considered. Other interesting features that BO offers are the option of evaluating
feasible points (constrained BO) (Amini et al., 2024), or handling integer or categorical
variables (mixed integer). For mixed-integer optimization, some variable transforma-
tions may be done as formulated in Bartoli et al. (2025). Other strategies are proposed to
handle the presence of integers. For example, Morlet-Espinosa and Flores-Tlacuahuac
(2024) evaluated the use of different surrogates (GPs, Sparse GPs or Student-T pro-
cess) and the combination of continuous and integer kernels. Garrido-Merchán and
Hernández-Lobato (2020) performed a comparison between several alternatives using
the Spearmint library. They introduced approaches which rounded integer variables
either before evaluation or inside the function wrapper. However, the most effective
approach in that study accounted for the presence of integer variables by modifying
the kernel. It led to improved performance when the kernel was adapted to reflect the
discontinuity introduced by integers.

The popular Python library BoTorch includes a wide range of options to perform
BO. For example, among other possibilities, constrained BO or multiobjective optimiza-
tion can be implemented. In the presence of integer variables, BoTorch framework also
offers optimizers designed for mixed-integer spaces. However, to the best of the au-
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thors knowledge, the GPs used to model objectives and constraints can only be adapted
to such spaces when variables are categorical, using the Hamming distance (Balandat
et al., 2020). In contrast, discrete spaces with ordinal variables are treated as continu-
ous, meaning that integer discontinuities are not captured by the GPs. At this point,
a comparison should be made between this approach and others that account for such
discontinuities to identify opportunities for BO to handle integers.

In this work, first, the optimization of DH and CHP modules process design and sec-
ond, the optimization of process operation once equipment design is set, are performed.
For that purpose, BO is used. In the process design stage, single and multiobjective op-
timization of a complex, mixed-integer, constrained process system for hydrogen use
in the maritime transport sector is performed. Given the presence of integer variables
in the formulation and the necessity to account for them, a comparison is provided be-
tween different strategies integers may be handled. For instance, the use of a standard
RBF kernel is compared with a modified kernel that incorporates the transformation
proposed in Garrido-Merchán and Hernández-Lobato (2020) to handle integer discon-
tinuities. Additionally, several optimizers are employed for the acquisition function
optimization in the mixed-integer space. Afterwards, single and multiobjective con-
strained BO are performed for process operation optimization. The rest of the paper
is structured as follows: Section 2 introduces the methodology, Section 3 presents the
results for the different case studies and finally Section 4 draws up some conclusions.

2. Methodology

In this work, BO is applied for the optimization of LOHCs DH and CHP modules.
Hydrogen is used in a fuel cell to run the different engines of the ship and provide for
the heat for endothermal dehydrogenation. The system to be optimized, considers a
rated power of 12 MW (main and auxiliary engines) (Gambini et al., 2024a).

First, in this section, the LOHCs DH and CHP modules description and modeling
are introduced. Then, two well differentiated stages are defined: process design and op-
eration. First one consists of a process superstructure optimization (reaction technology
selection) and the sizing of the main process equipment. A multiobjective problem is
formulated to balance key performance indicators, which are sometimes conflicting. For
instance, it is reasonable to expect lower risks when less demanding conditions are used
in the process. Nevertheless, this may negatively influence the sizing and investment
of related process equipment. Additionally, LOHCs fuel efficiency, directly related to
LOHCs conversion, may result in a worst catalyst use to reach higher dehydrogenation
degree. This may translate into a higher economic burden and bigger equipment.
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Dehydrogenation reactors selection and process operating and design parameters
are introduced as input variables. Finally, ship energy demand is established as a con-
straint. After the main process equipment is sized, process operation is optimized con-
sidering the design from the previous stage. Stationary conditions are considered since
the operation for hydrogen-fueled ship journey using LOHCs technology occurs mostly
in the steady state (Gambini et al., 2024a). Since different energy demands are expected
during a journey, several operation scenarios (25%, 50%, 75% and 100% engine use)
are imposed as constraints and optimized. In this case, single and multiobjective con-
strained optimization is carried out only considering process operating conditions.

The techniques and elements used for BO are also introduced in this section (e.g.,
acquisition function, GPs, single/multiobjective optimization). Additionally, in the case
that integers are present in the formulations, different approaches are presented and
tested to handle integer variables (kernel and optimizers). Hence, the methodology
section includes DH and CHP process description and modeling, description of the two
stages of the optimization (process design and operation) and BO algorithm used.

2.1. Process model

The hydrogenated LOHCs may be loaded to the ship instead of conventional mar-
itime fuel. Then, a dehydrogenation module inside the ship releases hydrogen to fuel
the ship. For this purpose, dibenzyltoluene appears as a promising candidate. This
molecule presents attractive features for this purpose. It has high storage capacity, is
considered as a safe compound (low toxicity and flammability), presents low volatility
and melting point and it is a cheap and extended chemical worldwide (Niermann et al.,
2019; Abdin et al., 2021; Prieto et al., 2025). Indeed, dibenzyltoluene has been proposed
in other works where LOHCs were proposed for maritime transport (Gambini et al.,
2024a). Then, the hydrogen released is fed in a fuel cell. It can operate as a CHP system.
Electricity is used to cover the demand for the engines and other units in the process.
The heat can be recovered to meet the LOHCs dehydrogenation energy. If required,
additional hydrogen is burnt. The DH and CHP modules description and modeling are
presented in the following subsections.

2.1.1. Dehydrogenation and CHP modules description

In this section, a process superstructure for the dehydrogenation module is de-
scribed. Different reaction technologies are proposed to perform LOHCs dehydrogena-
tion: multitubular isothermal and adiabatic reactors. A general flowsheet is depicted in
Figure 1.

Perhydro-dibenzyltoluene has been conveniently produced onshore by an external
supplier. To meet the engine power demand, this LOHC is fed to dehydrogenation mod-
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Figure 1: Dehydrogenation module for hydrogen release in cargo ships with two potential reaction technolo-
gies.

ule to release hydrogen. This reaction needs to consider several areas together: heat
transfer, thermal energy management, reactor volume minimization, pressure drop,
LOHCs evaporation minimization and an efficient use of precious metal catalyst (Prieto
et al., 2023; Willer et al., 2024a,b; Kadar et al., 2024). The dehydrogenation module pro-
posed in this work is composed of several reaction technologies. These include isother-
mal (R-01) and adiabatic (R-02) trickle bed reactors. First, a pump (PU-01) is used to
increase the pressure of the liquid to the reaction conditions of the isothermal reactors.
Then, a heat exchanger (HE-01) is used to recover energy from the hot LOHCs products
coming from dehydrogenation. A second heat exchanger (HE-02) adjusts the temper-
ature of the stream to the dehydrogenation conditions before it is fed to the reaction
units. A detailed scheme of the reaction section is shown in Figure 2.

Several isothermal and adiabatic reactors may be placed in a series configuration.
This alternative is explored because of ship dimension limitations. In some cases, hav-
ing a single unit may not be enough to release the required amount of hydrogen. Reac-
tor units must fit within the ship maximum height. At the same time, including several
units may enhance LOHCs performance (e.g., lower pressure drop and evaporation).
The isothermal reactors are expected to reach higher conversions at the beginning of the
reaction. This is because better temperature control provides more efficient catalyst use.
It makes sense to exploit this feature and locate these units first. However, adiabatic
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Figure 2: Detailed dehydrogenation section with isothermal and adiabatic reactors for hydrogen release and
secondary equipment (heat exchange and pumping equipment).

units can be regarded as interesting options to be used above certain degree of dehy-
drogenation. Low reactant concentrations can reduce the impact of the temperature
reduction from the adiabatic mode (Prieto et al., 2023). Then, it can outperform heated-
multitubular reactors in terms of lower LOHCs evaporation. This aspect is critical for
energy efficiency. Additionally, lower reactor volumes or easier operation is expected.
Hence, a first set of isothermal reactors is proposed followed by a series of adiabatic
beds. After each isothermal and adiabatic reactor, the gaseous phase is separated. This
is to avoid larger LOHCs evaporation and pressure drops. Then, the liquid phase is
set again to the operation pressure with intermediate pumps. This procedure is done
successively between all the reaction units. After the last isothermal reactor, the liquid
product is directed to a second section where adiabatic reactors are installed. Previ-
ously, the LOHCs can be mixed with a recycle stream (MX-01). The use of this recycle
is proposed to minimize the temperature drop along the different adiabatic reactors.
Likewise for the isothermal units, the pressure is adjusted with intermediate pumps.
However, in this case, intermediate heat exchangers are also used to reheat the liquid to
the operating conditions between stages.

After the reaction section, the dehydrogenated LOHCs are then either recycled back
to the adiabatic reactors to increase LOHCs conversion or stored. Previous to the stor-
age, the high temperature of the stream is used to preheat (HE-01) the fresh raw ma-
terial. With regards to the gaseous phases from all the reactors, these are all mixed
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(MX-03) and cooled. This is done to recover the LOHCs species present in the gaseous
phase due to evaporation. The cooling of these gaseous streams is performed in two
stages. The first one reheats the final hydrogen product integrating heat (HE-04) and
thus, improving CHP module efficiency. Then, an air-cooled heat exchanger (HE-05) is
used to further reduce the temperature to 313 K (Preuster et al., 2018). Hence, hydrogen
product stream removes the LOHCs impurities and is reheated in HE-04.

The final hydrogen product is used to produce power. This serves to run the main
and auxiliar engines of the ship and some units of the process (pumps, air blowers
and air coolers). Fuel cells have been proposed as a potential conversion technology.
Among the possibilities, Solid Oxide Fuel Cells (SOFC) are highly encouraged in the
context of LOHCs utilization. The high operating temperatures of this device can be
considered to supply LOHCs dehydrogenation energy (Preuster et al., 2018; Distel et al.,
2025). The use of heating oil to heat dehydrogenation reactors has been proposed in the
physical implementation shown in Eypasch et al. (2017). There, natural gas is burnt
to raise its temperature. Similarly, the hot gases from the SOFC can be used to heat a
heating oil. This hot oil provides a more uniform temperature difference in the reactors
compared to hot gases. At the same time, lower temperatures are also provided to
improve reactors and heat exchangers material durability. Hence, thermal oil is used
in isothermal reactors and other heat exchangers from the dehydrogenation module.
Furthermore, the hot gases from the SOFC are used to preheat hydrogen and air to the
operating conditions of the SOFC. With this idea, the CHP proposed in this work is
shown in the Figure 3.

The hydrogen from the dehydrogenation module is either compressed (CP-01) or ex-
panded (VL-02). It depends on the final operating conditions of this module. Then, it is
preheated in HE-06 with SOFC anode exhaust gas. Similarly, air in excess is compressed
(CP-02) and preheated (HE-07 and HE-08). The electrochemical reaction is performed
in the fuel cell (FC-01). The gases inlet and outlet temperatures are set to 873 K and 1073
K respectively. The pressure drop is accounted for to estimate the air blower demand
(Peters et al., 2016). Two output streams exit from the fuel cell, one from the anode and
another from the cathode. These are mixed to burn the unreacted hydrogen (B-01). The
heat from this stream is used for the reheat of the oil to be used in the process (HE-
09) and for air stream preheating (HE-07 and HE-08) before the fuel cell. If additional
energy is required, part of hydrogen is directed to the burner instead of to the fuel cell.

2.1.2. Dehydrogenation and CHP modules modeling considerations

To model both DH and CHP modules, some assumptions are made for each process
equipment. These are described in the following for each one:
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1. Dehydrogenation reactors: Adiabatic and multitubular isothermal trickle bed re-
actors are considered as potential technologies for dehydrogenation. The mod-
eling of the adiabatic reactors is based on previous work (Prieto et al., 2023). In
the case of isothermal units, also trickle bed reactors, the previous model can be
adapted with some modifications and assumptions detailed in the Supporting In-
formation.

2. Heat exchangers: To perform the energy balances, some differences exist between
the design and operation of the process. For process design, the heat exchange
area is not established yet. Hence, either a final process temperature (reactors, fuel
cell, separation inlet temperatures) or a 5 K temperature approach is considered
(heat exchangers with integration between streams and air coolers). Differently,
for the process operation, the area is already set. Then, either the amount of utili-
ties (hot oil, air flow) or the final temperatures are adjusted based on the available
area. Moreover, in the case of air coolers, there is a blower. The energy demand is
calculated based on typical pressure drop (Sinnott and Towler, 2020).

3. Flash separators: Liquid-vapor equilibria of the LOHCs compounds is considered
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for these units based on its vapor pressures (Müller et al., 2015).

4. Pumps and compressors: To calculate the power demand for air blowers, air is
assumed to behave as an ideal diatomic gas (kp = 1.4) and 75% isentropic efficiency
is applied. With regards to the pumps, these are assumed to have a 75% efficiency
(Couper, 2005).

5. Fuel cell: 85% fuel utilization is set as the operating point for the fuel cell. Typical
fuel cell parameters are considered from Peters et al. (2016) and electrical yield is
calculated according to the equations presented on the same work. Additionally,
95% AC-DC converter efficiency is set.

2.2. LOHCs Optimization: Process design and operation

Two different modes are considered for DH and CHP modules optimization: process
design and operation. The first one involves the design and purchase of the process
equipment (e.g., reactors, heat exchangers, fuel cell). Based on the results from this
stage, process equipment dimensions are set (e.g., reactor catalyst and diameter, heat
exchange areas).

The LOHCs technology has been simulated under dynamic conditions in Gambini
et al. (2024a) to run a ship during a typical journey. Minimal misalignment was found
between hydrogen supply and demand. The dynamic response of LOHCs was able
to adapt to hydrogen demand within few minutes. This represented a minor contri-
bution to the total duration of the journey. In comparison, several stationary states
with several hours of duration were revealed over the journey. For the step transitions,
the delay time and overshoot present low intensity and short duration with minimal
misalignment while during ramp transitions, the misalignments are further reduced.
Therefore, it is reasonable to expect that LOHCs systems may operate most of the time
in stationary state conditions around several operational setpoints. Hence, steady-state
simulations for several nominal cargo ship loads may be considered to be representa-
tive for the operation of these LOHCs systems in cargo ships. Then, based on already
set process equipment, the operation of this process under stationary state conditions
is considered. It is optimized for several energy demands. The long-term operation of
cargo ships may be affected by additional uncertainties such as LOHCs degradation,
catalyst ageing, equipment fouling, or maintenance requirements. In practice, many of
these issues can be addressed during scheduled maintenance periods in port, similar
to the routine procedures commonly applied in chemical processing plants operating
with comparable catalytic and thermal equipment. However, the quantitative assess-
ment of these effects would require extensive long-duration experimental data, which
is currently limited, and therefore lies outside the scope of this work.
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First, for the design stage, constrained mixed-integer single objective optimization
is performed for each objective function presented in the following (equipment invest-
ment and volume, fuel efficiency and risk). The constraints are based on the energy
demand to meet (at least 12 MW). The number of reaction units introduces integers
in the formulation. Next, constrained mixed-integer multiobjective optimization is pro-
posed to reach a trade-off between objectives. To select a final process design among the
feasible candidates, a quantitative Multi-Criteria Decision Making (MCDM) method is
employed. In this work, the Utopia Point method is adopted. The Utopia Point repre-
sents an ideal solution in which the optimal value of each conflicting objective function
is simultaneously achieved. Accordingly, the Utopia Point is defined using the opti-
mal results obtained from the corresponding single-objective optimizations. The non-
dominated solutions obtained from the multiobjective optimization define the Pareto
Front and are compared with the Utopia Point. For each Pareto solution, the Euclidean
distance to the Utopia Point is computed, and the solution exhibiting the minimum
Euclidean distance is selected (Szparaga et al., 2019).

After that, the operation mode is optimized. In this case, design parameters are
fixed from the previous stage. Then, no integers are present in the formulation and the
problem becomes a continuous-space optimization problem. Constraints are adjusted to
the different energy requirements. However, in this case, the objectives directly related
to process equipment (investment and volume optimization) are not considered. This is
because the process is already set and optimization of these functions no longer makes
sense. Then, only objective functions that can be modified by operating conditions (fuel
use efficiency and risk minimization) are accounted for in this analysis. Hence, single
and multiobjective constrained optimization are performed for operation mode.

Note that system is optimized using a sequential two-stage approach. First, power
system process design is optimized and set. Then, operation is optimized for various
energy loads. It is recognized that the possibility to optimize this energy system consid-
ering simultaneously process design and operation would be a suitable approach. How-
ever, note that for this specific application, it is not possible to determine a representa-
tive ship power load profile that is valid for all situations. This is due to the singularities
associated with each individual voyage. Therefore, the selection of a specific mission is
considered to be out of the scope of this work. Overall, ships, and transport applica-
tions in general, are typically designed for a standard rated capacity. The complexity
of powertrain systems promotes the use of standard rated power provided by equip-
ment suppliers. Consequently, the same ship nominal power design is employed across
different voyages with very different characteristics (e.g., duration, weather conditions,
cargo, distance). Since it is not useful to determine a specific power profile, power sys-
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tem is designed for the worst-case scenario (e.g., 12 MW nominal power) which may
be required under adverse weather conditions. At the same time, as demonstrated in
the Results section, the final results do not differ significantly between nominal capacity
and reduced process loads. Hence, it can be demonstrated that the results for nominal
capacity have a great influence on the other operational loads.

2.3. Objective functions

To favor the use of LOHCs for maritime applications, several dimensions must be as-
sessed and optimized. Therefore, in this work, a multiobjective optimization approach
is proposed.

2.3.1. Investment cost

The economy of the sector depends on the investment cost of the ship and related
equipment. The scope of this work is limited only to the optimization of the LOHCs de-
hydrogenation and use of hydrogen in the fuel cell. The equipment included in the cal-
culations corresponds to the heat exchangers, pumps, fuel cell, air blowers, air coolers
(including its respective air blower) and reactors. The investment for other equipment
such as flash vessels, mixers or splitters is assumed to be negligible.

At the same time, it is important to include fuel utilization in this objective but
without imposing significant priority on fuel use. Otherwise, either process equip-
ment would be oversized or LOHCs may be used inefficiently. In other processes, it
is common to compute the total investment of equipment, for example reactors, but
also account for the degradation/losses of catalyst or closed loop refrigerants. Like-
wise, LOHCs losses are expected to be present on this system. Therefore, we include
in this objective a penalty to replace LOHCs losses to favor efficient fuel use. To com-
pute the economic cost of LOHCs degradation, a 20-year period is assumed to make
LOHCs losses comparable with equipment investment. To estimate the cost to replace
the LOHCs lost in the process, 0.1% losses per cycle and an average purchase cost of 4
$/kg are taken (Niermann et al., 2019). An average ship utilization of 4320 h per year
is assumed (Korberg et al., 2021). Note also, that the nominal power installed on a ship
is not required in most cases. It is only demanded under adverse weather conditions.
Therefore, a conservative 65% average utilization of the ship engine capacity is used to
perform the calculations (Gambini et al., 2024a).

Hence, this objective function will be composed of the equipment investment cost
(EIC) and materials replacement cost (LOHCs losses) (MRC) as shown in Eq. 1.

f1 = EIC +MRC (1)
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2.3.2. Hydrogen to energy efficiency

The feasibility of LOHCs to promote the utilization of hydrogen as fuel is directly
related to the system efficiency and conversion degree. These need to be maximized to
reduce fuel use, which directly impacts on the operating costs of the ship but also on
the volume of fuel stored on the ship. The hydrogen released during dehydrogenation
can be used in the fuel cell to produce electricity or burnt. Hence, the Eq. 2 is proposed
to maximize fuel energy use of the hydrogen stored with LOHCs technology. There,
DoDH represents the degree of dehydrogenation, FH2,released the hydrogen released in
the dehydrogenation module and EH2 the energy available in the hydrogen released.

f2 = 100 ⋅DoDH ⋅ ( NP

FH2,released ⋅EH2

) (2)

To obtain the net power produced (NP), Eq. 3 is introduced, where W represents the
power produced/consumed on each process unit.

NP =Wfuelcell −Wpumps −Wblowers (3)

2.3.3. Risk minimization

Safety is another priority for the dehydrogenation module. The operating conditions
and process design are expected to be adjusted for that purpose. Some authors have pro-
posed some risk indicators to identify the most critical streams inside a process. This is
the case of Shariff et al. (2012). There, an indicator is proposed based on the pressure,
heating value and density of each stream and the flammability range. It is normal-
ized based on the process average values and then an empirical constant is included to
tighten the index results. On the other hand, other safety indicators, such as the Dow’s
Index Fire and Explosion, also take into account the quantity of combustible material in
the process. Hence, a modification of the original index from Shariff et al. (2012) is pro-
posed in Eq. 4. There, P and ∆FL are the stream pressure and the flammability range.
Instead of employing average values, only a empirical constant (KSI) is used. This is
because the aim is not to identify critical streams but to penalize demanding operating
conditions. Furthermore, to include the effect of the quantity of combustible material,
the combustion enthalpy (Hc) is multiplied by the flowrate (F) of the specific stream in-
stead of using the density. Since this index is applied across different operational loads,
a Process Load factor (PLF) ranging from 0 to 1 (with 1 corresponding to 100% process
load) is included.

For the calculation of the flammability range, values for standard conditions are
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taken for LOHCs and hydrogen. In the case of LOHCs these data are not available.
Given the similar properties that these compounds may have with other fuels (e.g.
diesel), the flammability range for them is taken as valid in this case. Then, the pressure
and temperature dependence for flammability limits is introduced (Zabetakis, 1964;
Planas-Cuchi et al., 1999).

SI = KSI ⋅P ⋅∆FL ⋅ ρ ⋅ F ⋅Hc

PLF
(4)

The index proposed penalizes high pressures, flowrates, temperatures (as flamma-
bility range increases with it) and the most hazardous species. It is only calculated for
the inlet and outlet streams from the reaction section after a brief process analysis. It
is preferred to include only those streams that may present significant changes in the
optimization. Other streams are not included for different reasons. For example, the
initial LOHCs feed to the dehydrogenation module presents lower temperatures. The
risks from the LOHCs recycle to the reaction section are already included in the inlet to
the reaction section. Finally, the streams conditions (temperature, pressure and compo-
sition) in all the CHP streams are almost identical in all scenarios. Therefore, all these
streams are not included in the final objective function presented in the Eq. 5. There, SI
are the previously proposed safety index calculated for the inlet (i) and outlet (j) streams
for the reaction section.

f3 =
I

∑
i=1

SIi +
J

∑
j=1

SIj (5)

Other works such as Martínez-Gomez et al. (2017) introduce the influence for each
process equipment in the calculations. We left out on purpose the influence of process
equipment. This is mainly because this process is based on conceptual process opti-
mization which at the same time is on an early stage of development. There is a lack
of data for the inherent risk for LOHCs reaction units considered as novel. In the case
of other process units (heat exchangers, pumps, flash), only basic parameters are esti-
mated and no accurate sizing is done (e.g., thickness, wide, length). It also complicates
risk estimation. At this point, inherent process risk quantification shows up large uncer-
tainty. In any case, we believe that our index is useful for safety purposes since it aims
to minimize process operating conditions and combustible material in process streams.
This is closely related to the consequences in the event of an accident.
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2.3.4. Equipment volume

Equipment volume is a critical aspect for maritime transport. As a result, it is a rele-
vant variable to perform optimization. The volume required to supply power demand
can be divided into the process equipment (DH and CHP modules) and the energy
carrier, in this case LOHCs. Note that the volume occupied by the LOHCs itself is con-
siderably larger compared to equipment units. However, we consider that minimizing
the equipment volume (EV) itself is also critical. This is because they require complex
piping and instrumentation, safety distances, inspection or the layout may present some
limitations. Since fuel volume strongly depends on other objective functions (LOHCs
losses and fuel use efficiency), the fuel volume is left out on this case. Therefore, the
optimization function consists in the Eq. 6, where the equipment volume is to be mini-
mized. They include fuel cell, reactors and heat exchangers. The volume for other units
is neglected.

f4 = EV (6)

2.4. Constraints

The optimization of this system is subjected to meet the power demand of the cargo
ship. The net power produced with the fuel cell is obtained in Eq. 3. Then, an inequality
constraint is imposed to produce at least the energy required for the ship. In the case
of process design, 12 MW is imposed as constraint. For process operation, different
constraint scenarios are evaluated (25%, 50%, 75%, 100%) based on base nominal power.

2.5. Input variables

In order to optimize the system, several input variables are evaluated. They are
included in Table 1. The reactors are the core units of the dehydrogenation module.
Therefore, it is paramount to optimize its operating conditions. These include the oper-
ating temperature (T) and pressure (P). In the case of the isothermal reactors, the heating
oil (Foil) used to control the temperature may have also a relevant impact. Typical tem-
perature range for dibenzyltoluene dehydrogenation is 533-593 K (Preuster et al., 2018).
However, higher conversions, limited by reaction equilibrium, are achieved at the high-
est temperature range (Dürr et al., 2021). At the same time, kinetics are also favored
at these conditions. Therefore, 573-593 K temperatures are considered for the inlet of
the reactors. The pressures for both reaction units are set up to 5 bar (Preuster et al.,
2018). To avoid higher liquid evaporation and overcome the pressure drop in the reac-
tors, intermediate 3 bar pressure is set as lower bound in the isothermal reactors. At this
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pressure, it is possible to achieve similar conversions compared to atmospheric condi-
tions at higher temperatures according to Dürr et al. (2021) work. In the adiabatic units,
the lower bound is reduced to 1.5 bar since lower LOHCs evaporation is expected. With
regards to the heating oil flowrate, it is limited to 6 L/mol of fresh LOHC. This is to
minimize LOHCs evaporation. Finally, other process parameters such as the amount of
LOHCs introduced in the system (FLOHC) or the recycle ratio of the final product (RR)
are also included in this analysis. All these variables are used in both process design
and operation optimization.

Table 1: Input variables for process optimization

Input variable Value
Tisothermal 573.00-593.00 K
Pisothermal 3.00-5.00 bar

D2
r,isothermal/FLOHC 0.10-0.40 m2/mol/s

Lisothermal 2.00-6.00 m
Foil/FLOHC 0.50-6.00 L/mol
Tadiabatic 573.00-593.00 K
Padiabatic 1.50-5.00 bar

D2
r,adiabatic/FLOHC 0.10-0.40 m2/mol/s

Ladiabatic 0.50-4.00 m
FLOHC 10.00-30.00 mol/s

RR 0.00-66.67%
nr,isothermal 1-2
nr,adiabatic 0-2

Similarly, some design features for each reaction technology are also relevant. How-
ever, these are only considered as input variables for the process design stage. These in-
clude the length of the catalyst bed (L) and diameter (D). Different catalyst quantities are
proposed for each of the reaction technologies. A higher temperature drop is expected
in adiabatic units. As a result, lower bed size is expected compared to isothermal units.
This is because reaction rate decreases and eventually the chemical equilibrium may be
reached. Typical dimensions for a scrubbing unit for a 12 MW ship can be almost 9 m
height and 3 m diameter (ABS, 2018). The size of the isothermal reactors is adapted to
comparable dimensions. The reactor diameter for both technologies is adjusted to set
the flowrate to have typical trickle bed reaction conditions (Satterfield, 1975). At the
same time, the diameter is adjusted to minimize pressure drop.

Previous variables (operating conditions and design parameters) are continuous.
However, it is also possible to evaluate the effect that integer variables may have in the
process design optimization. This is the case of the number of isothermal and adiabatic
units. Apart from the reaction units itself, the number of equipment for each reaction
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technology modifies the process superstructure. This is because intermediate heat ex-
changers and/or pumps are required between these technologies as shown in Figure
2. In this context, as introduced before, a detailed model is used to account for heat,
mass and momentum transfer in the reaction units. This is essential to fully capture
the effects of operating conditions, reactors design parameters and reaction technology
selection on reaction progress.

2.6. Optimization algorithm: Bayesian Optimization

BO is employed for process design and operation optimization using different tech-
niques. The general procedure includes a space-filling design, such as Sobol sampling
with a reduced number of samples (n0=10) to get initial dataset. Then, objectives and
constraints are modeled using a ML model that outputs a probability distribution over
outcomes, such as GP. Based on these GPs, acquisition function is maximized to get next
point, which is evaluated. Finally, the dataset, D={(xi,yi)nd

i=1}, is updated and this process
continues until the maximum number of iterations is reached (see Algorithm 1).

Algorithm 1 General BO algorithm.

1: Initialize Initial dataset D, Objective function f , Acquisition function Af , Domain
Space X, Iterations I.

2: for 1,2 . . . I do
3: Train GP(D) ▷ Training of GPs for objectives and constraints
4: x∗ ← argmaxx∈XAf(x) ▷Maximize acquisition function to get new points
5: y∗ ← f(x∗) ▷ Evaluate new point
6: D← {x∗,y∗} ∪D ▷ Update the dataset
7: end for

However, some differences appear between the elements used in the different opti-
mizations that are carried out in this work. The divergences between methods appear
in: 1) Type of kernel used to model GPs (standard Radial Basis Function (RBF) or modi-
fied RBF) 2) Type of optimization (single or multiobjective) and 3) Optimizer used for ac-
quisition function optimization (Continuous optimizer (CO), Mixed-Integer optimizer
(MIO) or Evolutionary Algorithm (EA)). The differences between these approaches are
detailed in the following and the different possibilities are depicted in Figure 4. Now,
the different elements used in this work to perform BO are introduced.

2.6.1. Gaussian Process

GPs are used for the approximation of the objective functions and constraints. These
are modeled using a mean function (m) and a covariance function (k(⋅, ⋅)) as shown in
Eq. 7.
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Figure 4: BO loop.

GP(m(⋅),k(⋅, ⋅)) (7)

Constant zero mean is assumed to adjust mean function. To model covariance ma-
trix, a standard RBF kernel may be used. The general formula is shown in Eq. 8. There,
σ2
f , refers to the variance of the process, x ∈ Rnx , the input vector for independent vari-

ables and Λ ∈ Rnx×nx a matrix containing the inverse of squared lengthscale for each
dimension on its diagonal.

k(⋅, ⋅) = σ2
f ⋅ exp(−

1

2
(x − x)TΛ(x − x)) (8)

Note that noise term is removed. This is because function evaluations are noiseless
since the results are based on process simulations. Lengthscale prior is based on log-
normal distribution. Mean and standard deviation for this distribution take into account
the scaling proposed in Hvarfner et al. (2024) work. For a given dataset, the posterior
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mean, µD, and posterior variance, σ2
d, of the kernel can be computed using Eq. 9 and

Eq.10 respectively. There, K represents the covariance function between the training
dataset and itself, κ the covariance between the training dataset and a new point and y
the set of dependent variables.

µD(x∣D) =m(x) + κ(x,X)K−1(X,X)(y −m(X)) (9)

σ2
D(x∣D) = κ(x,x) − κ(x,X)TK−1(X,X)κ(X,x) (10)

The previous kernel is designed to work in a continuous variable space. However,
significant discontinuities in the objective function may arise when integers are intro-
duced in the formulation (process design optimization). In this work, two different
strategies are proposed in the way kernel is defined if integers are present in the formu-
lation:

1. Standard RBF Kernel (Eq. 8): Use the RBF kernel described above, with the inte-
ger variable rounded inside the function wrapper. This kernel is inherently con-
tinuous and does not account for the discontinuities caused by integer variables.
However, ideally, there should be no distance between two non-integer values
as they do not exist in the integer domain. According to Garrido-Merchán and
Hernández-Lobato (2020), although rounding within the wrapper may outper-
form other strategies, such as rounding before function evaluation, it may still fail
to capture the discontinuities introduced by integers in the formulation.

2. Modified RBF Kernel (Eq. 11): The previously described RBF kernel (includ-
ing constraints, log-normal prior, constant mean) is replicated. However, the
computation of distances between points is modified. The approach proposed
in Garrido-Merchán and Hernández-Lobato (2020) is implemented for this pur-
pose. This involves applying a transformation within the kernel to round integer
variables, originally defined in the continuous space, to the closest integer. This
way, no distance is measured between two points that round to the same integer
value. Hence, both the mean and the confidence interval remain constant across
the range of values that round to the same integer.

k(⋅, ⋅) = σ2
f ⋅ exp(−

1

2
(round(x) − round(x))TΛ(round(x) − round(x))) (11)
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2.6.2. Acquisition function: Single and multiobjective optimization

In this work, two types of optimizations are carried out: single and multiobjec-
tive optimization. Hence, different acquisition functions are used for each case: log-
Expected Improvement (logEI) in single objective optimization and log-Expected Hy-
pervolume Improvement (logEHVI) for multiobjective optimization (Figure 5 and 6 re-
spectively). These are popular acquisition functions in the field of BO (Garnett, 2023;
Fromer et al., 2024). The logEI acquisition function aims to balance exploration and ex-
ploitation by considering both the predicted mean and uncertainty. It selects new can-
didates that increase the likelihood of improvement by considering both the mean but
also the uncertainty, see Eq. 12. There, f(x) and fbest represent the objective evaluation
for x and the best value found at the moment.

logEI(x∣D) = log (E[max(0, f(x) − fbest))]) (12)

Likewise, logEHVI tries to do so, but considers several objectives at once. In this
case, a reference point is set and the non-dominated points are used to compute the
hypervolume from it. In this work, the reference point is based on the worst results
from each objective function from previous single objective optimization. The main
idea of logEHVI approach, is to look for new feasible points that increase as much as
possible this hypervolume and with the objectives, build the Pareto Front (Eq. 13). HV

is the hypervolume and P the set of non-dominated solutions.

logEHVI(x∣D) = log (E[max(0,HV(P ∪ f(x)) −HV(P))]) (13)

2.6.3. Acquisition function optimizers

To obtain new points, several optimizers are proposed for the optimization of both
acquisition functions. Automatic-differentiation optimizers can be used in a continuous
space to maximize acquisition function and get new points. If no integers are present
in the formulation, this option is used. However, when integer variables are present,
derivatives cannot be computed for these variables. Then, in this work, for this situa-
tion, we looked at three possibilities: 1) use a CO, 2) use MIO which alternates between
integer and continuous space or 3) use derivative-free EA optimizer.

2.6.4. Implementation

The BoTorch library is used to implement the BO loop. To implement the GPs for
both objectives and constraints, SingleTaskGP from BoTorch, build on top of GPyTorch
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(Balandat et al., 2020; Gardner et al., 2018) is employed. At this point, two possible
kernels can be used in this work:

1. Standard RBF: SingleTaskGP uses RBF kernel by default. Therefore, no modifica-
tion is done to the covariance module.

2. Modified RBF: BoTorch allows the incorporation of integer distances in GPs for
categorical variables using the Hamming Distance. However, it is not able to de-
fine distances between ordinal discrete values, which introduce discontinuities.
The modified RBF presented in Eq. 11 is implemented by customizing the Ker-
nel class from GPyTorch while the hyperparameters of the GPs are tuned using
SingleTaskGP.

Both, acquisition functions, logEI and logEHVI for single and multiobjective opti-
mization respectively, are implemented from BoTorch. Different optimizers were pro-
posed for its optimization:

1. CO: For the optimization of acquisition function, optimize_acqf can be used with
LBFGS-B as a continuous optimizer (Balandat et al., 2020).

2. MIO: For mixed spaces, optimize_acqf_mixed_alternating is also available and
used. It alternates between LBFGS-B for continuous variables and local search for
integer variables (Balandat et al., 2020).

3. EA: Finally, differential_evolution from scipy is implemented for an evolutionary
algorithm (Virtanen et al., 2020).
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2.6.5. Case studies

For the optimization of process design and operation, different BO techniques are
used depending on the details of the optimization. These are summarized in this sec-
tion. First, as introduced before, for process design, mixed-integer single and multiob-
jective constrained optimization is done. Due to the presence of integers, several strate-
gies detailed before are evaluated. These are related to kernel use (use standard RBF or
modified RBF kernel) and selection of the acquisition function optimizer (use CO, EA or
MIO). The performance for each alternative has been compared with the others. Hence,
the different case studies optimized for the design stage are included in Table 2.

Table 2: Case studies description for process design (D). Single Objective Optimization (S)/ Multiobjective
Optimization (M). RBF (RBF Kernel Eq. 8)/MRBF (Modified RBF Kernel, Eq.11). CO (Continuous Opti-
mizer)/EA (Evolutionary Algorithm)/ Mixed-Integer Optimizer (MIO).

Case Identifier DS-RBF-CO DS-MRBF-EA DS-RBF-MIO DS-MRBF-MIO DM-RBF-CO DM-MRBF-EA DM-RBF-MIO DM-MRBF-MIO
Objective functions obj1−4
Constraints Yes (12 MW)
Optimization type Single Objective Multiobjective
Acquisition function qLogEI (Eq. 12) qLogEHVI (Eq. 13)
GP RBF Modified RBF RBF Modified RBF RBF Modified RBF RBF Modified RBF
Optimization approach CO EA MIO MIO CO EA MIO MIO

Likewise for process design, single and multiobjective optimization are performed
for process operation. BO features are detailed in Table 3.

Table 3: Case studies description for process operation (O).

Case Identifier OS-RBF-CO OM-RBF-CO
Objective functions obj3−4
Constraints Yes (3-6-9-12 MW)
Optimization type Single Objective Multiobjective
Acquisition function qLogEI (Eq. 12) qLogEHVI (Eq. 13)
GP RBF RBF
Optimization approach CO CO

3. Results

On this section, single and multiobjective optimization results are presented for pro-
cess design stage. Then, after process equipment is set, operation optimization results
are shown.

3.1. Process design

First, process design is optimized to set process equipment features. Hence, the op-
timization of single objectives is conducted for the mixed-integer space. Figure 7 shows
how optimization progresses over BO iterations for each of the single objective opti-
mization Cases presented in Table 2. Case DS-RBF-CO, based on standard RBF Kernel
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and continuous optimizer, shows clearly the worst performance compared to the oth-
ers. Slower convergence and worse minimum values are found. The fact that neither
RBF kernel nor optimizer took into account the presence of integers is the main rea-
son to attribute this behavior. Despite that, investment function shows a comparable
performance to other cases. This may be because the discontinuities that integer vari-
ables introduce to this objective function are less pronounced. With regards to the other
Cases, either DS-MRBF-EA or DS-MRBF-MIO, which use Modified RBF and EA and
MIO as optimizers respectively, present the best results at the end of the optimization
for investment and volume. In the other two objectives, comparable results are found
with DS-RBF-MIO (standard RBF combined with MIO). Moreover, a stepper descent is
observed in fuel use efficiency and volume and comparable progress for risk and in-
vestment minimization with respect to DS-RBF-MIO. Note however, that it cannot be
concluded that any of them is considerably better compared to DS-RBF-MIO. This may
be due to the reduced integer space and number of integer variables. However, it may
be possible to find higher differences when both increase. Finally, the results for the
best points found for each objective function are presented in Table 4. Beyond process
optimization, the use of detailed reactor models enables the representation of relevant
phenomena during LOHCs dehydrogenation, thereby incorporating their effects into
reactor design, configuration, and operating conditions selection.

Table 4: Optimization results for the design stage.

Objective f1 f2 f3 f4 MO (f1,2,3,4)
f1 (MM$) 26.96 29.86 33.36 30.00 27.35
f2(%) 32.90 43.47 27.06 18.38 37.49
f3 (RU) 3.54 2.92 1.57 3.35 2.26
f4 (m3) 61.29 101.65 120.42 52.86 71.36
Tisothermal (K) 593.00 574.43 593.00 590.82 580.11
Pisothermal (bar) 3.00 4.31 3.00 3.77 3.00
D2

r,isothermal/FLOHC (m2/mol/s) 0.40 0.40 0.37 0.10 0.27
Lisothermal (m) 2.00 5.91 5.88 3.00 5.00
Foil/FLOHC (L/mol) 5.45 6.00 1.43 2.26 3.19
Tadiabatic (K) 593.00 593.00 580.74 593.00 590.68
Padiabatic (bar) 1.50 1.50 1.50 1.50 1.50
D2

r,adiabatic/FLOHC (m2/mol/s) 0.10 0.21 0.10 0.10 0.10
Ladiabatic (m) 0.50 4.00 4.00 0.50 0.86
FLOHC (mol/s) 16.76 12.68 20.38 30.00 14.71
RR (%) 66.67 66.67 0.00 66.67 66.67
nr,isothermal 2 2 2 1 2
nr,adiabatic 2 2 2 2 2

The single objective results are opposed between different optimizations. For exam-
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Figure 7: Mixed-integer single objective optimization.

ple, higher temperatures and lower pressures favor reaction kinetics and dehydrogena-
tion equilibrium. However, at the same time, higher LOHCs evaporation is expected
for these conditions. In the case of investment and equipment volume minimization,
it is preferred to set high temperatures and low pressures in the isothermal reactors in
spite of liquid evaporation. However, to maximize fuel use efficiency, it is preferred to
increase pressure and reduce temperature to minimize evaporation phenomena.

Finally, lower pressures are set in the isothermal and adiabatic reactors for risk min-
imization. However, higher temperature is preferred in isothermal reactors, to increase
hydrogen production, and intermediate temperature conditions are set in adiabatic
units. In contrast, for the other objectives, lower pressures and higher temperatures
are set in adiabatic units. This is because adiabatic reactors are less likely to LOHCs
evaporation because of the adiabatic operation. With regards to LOHCs recycle, high
values are beneficial for all objectives except for risk minimization. This is because it in-
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creases hydrogen production but at the same time there exists a higher LOHCs flowrate.
Hence, it is set to the upper bound in these cases and no recycle is found for risk mini-
mization. Moreover, significant differences can be seen in terms of LOHCs use. While
fuel use efficiency sets a low value to maximize LOHCs conversion, other objectives
such as volume minimization increase it considerably. This is because of better mass
and heat transfer or the use of higher reactant concentrations. This results in lower
catalyst requirements.

Overall, the variables that most strongly influence the shift between objectives are
the fresh LOHCs feed, the use of oil, the operating conditions of the isothermal reac-
tors (pressure and temperature), the recycle ratio, and the reactor dimensions. Invest-
ment cost and equipment volume tend to align in their preferred operating conditions
for both isothermal and adiabatic units, mainly to reduce catalyst consumption. How-
ever, notable differences arise regarding LOHCs utilization. For volume minimization,
higher LOHCs flow rates are selected to reduce reactor size since they promote higher
reaction rates. At the same time, it reduces the need for oil compared with the invest-
ment optimization. In contrast, investment function penalizes excessive LOHCs con-
sumption. Despite this, both strategies favor smaller adiabatic and isothermal reactor
dimensions. The similarity in process configurations for these two objectives highlights
a degree of interdependence between them.

In contrast, the fuel-use efficiency and risk objectives promote substantially differ-
ent trends. To maximize efficiency, the system tends to operate at higher pressures and
lower temperatures to avoid LOHCs evaporation, while favoring lower fresh LOHCs
usage, high recycle ratios to increase conversion, and extensive use of heating oil to
maintain a stable reactor temperature. Risk minimization, however, prioritizes reduc-
ing the operating conditions and total amount of combustible material in the system,
which leads to choosing lower operating conditions, limiting recycle and use of oil, and
increasing reactor size.

An additional source of conflict arises from the integer decision variables associated
with the process layout. For the volume-minimization objective, the optimal config-
uration selects two adiabatic reactors and only one isothermal reactor, reducing total
equipment volume. This is attributed to the bigger size of isothermal units compared
to adiabatic ones. However, for the other objectives, the optimization consistently se-
lects two isothermal and two adiabatic units, since increasing the number of isothermal
reactors enhances temperature control, conversion and safety margins. This difference
highlights how discrete design choices can shift the trade-offs among objectives.

This previous process assessment is complemented with a quantitative analysis pro-
vided in the Supporting Information. There, a Spearman partial correlation matrix is
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presented for all feasible process design experiments to identify the interactions be-
tween process variables and each objective, as well as the interactions among the ob-
jectives themselves. Since partial correlations may overlook relevant variables due to
inter-variable dependencies or the limited number of experiments, the Gaussian Pro-
cess (GP) kernel lengthscales are also reported, as they indicate the relative influence of
each variable on the objective functions. The analysis shows that a higher use of fresh
LOHCs leads to lower fuel efficiency and higher equipment volume, primarily due to
an increase in reactor diameter associated with the higher mass flow. However, increas-
ing LOHCs loading also enhances reaction rates and catalyst utilization, which in turn
shortens the required reactor length to meet hydrogen demand, mitigating the volume
increase. Both the diameter and length of the isothermal reactors were found to have a
strong relationship with total equipment volume. Recycle ratio and oil consumption are
associated with higher process risk, while the expected relationship between equipment
volume and investment cost is also confirmed. Finally, some variables such as isother-
mal reaction conditions or the number of units do not show strong correlations with the
objectives in the Spearman matrix. However, their low GP lengthscales indicate a sub-
stantial non-linear influence on the objective values, demonstrating their importance
even when not captured by the correlation analysis.

Then, multiobjective optimization is carried out. The metric used to measure the
performance for each case is the hypervolume. To perform this optimization, 5 runs are
done for each case. This is because randomness of BO algorithm has an impact on its
performance because of its stochastic nature. Thus, the same seeds are fixed and shared
between Cases to run the simulations. This way, optimization progress is provided in
Figure 8 showing the minimization of the negative hypervolume. The shading repre-
sents the interval between minimum and maximum values of the hypervolume for each
iteration. Then, the mean value is represented with a line.

As in previous single objective optimization, combination of continuous RBF Kernel
and continuous optimizer (DM-RBF-CO) presents the worst performance. This shows
again the benefits of considering the mixed-integer space. With regards to the other
cases, DM-MRBF-MIO seems to perform slightly better followed by DM-MRBF-EA.
Both use modified RBF. However, the differences are not large enough to assure DM-
MRBF-MIO and DM-MRBF-EA outperform DM-RBF-MIO. In any case, these results in-
dicate that if integers are present in the formulation, the mixed-integer space approaches
at least perform similar (if not better) compared to continuous space approaches. With
regards to the use of optimizers, in previous single objective optimization it was not
possible to conclude which option was better. However, MIO showed a small improve-
ment compared to EA for multiobjective optimization.
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Figure 8: Mixed-integer multiobjective optimization.

At this point, several feasible candidates are obtained from multiobjective optimiza-
tion. The non-dominated solutions define the Pareto Front. To determine the final pro-
cess design, the Utopia Point methodology described above is applied. The results of
the single-objective optimizations are used to define the Utopia Point, and the non-
dominated solution exhibiting the minimum Euclidean distance to this point is selected.
The results from this candidate are included in Table 4. It is shown how intermediate
values are obtained for all the objectives.

In this study, a three-phase reactor model based on previous work is employed for
the analysis of LOHCs dehydrogenation in both adiabatic and isothermal reactors (Pri-
eto et al., 2023). The model accounts for mass, heat, and momentum transfer, as well
as vapor-liquid equilibria, pressure drop, liquid holdup, and catalyst wetting effects
among other phenomena. The detailed model can be found in the Supporting Informa-
tion document. The importance of considering them is based on reaction units scale-up
and the complexity of multiphase systems. In the present work, the impact of these ef-
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fects on reactor performance is quantitatively demonstrated through direct comparison
with simplified reactor modeling.

To this end, two baseline models of reduced complexity are introduced. As a first
baseline, LOHCs process conversion is estimated assuming thermodynamic equilib-
rium, using the equation proposed by Dürr et al. (2021) thereby neglecting kinetic and
transport limitations. As a second baseline, intrinsic kinetics are employed in a reduced
reactor model in which mass and heat transfer resistances, vapor-liquid equilibria, pres-
sure drop, liquid holdup, and catalyst wetting effects are omitted. For that purpose,
intrinsic kinetics proposed by Geißelbrecht et al. (2024) are used, while other reactor
modeling elements described in the same work are not considered.

The process conversions predicted by these simplified models are compared against
those obtained using the full three-phase reactor models under identical process de-
sign and operating conditions. This comparison enables a quantitative assessment of
the influence of the neglected phenomena on reactor and process performance. It is
found that the equilibrium-based baseline overestimates LOHCs process conversion by
27-156%, while the kinetics-only baseline overpredicts LOHCs process conversion by
20-120% depending on the design and operating conditions. These deviations can be
attributed to the omission of relevant physical effects such as liquid evaporation, pres-
sure drop, and heat transfer limitations among others.

The importance of using detailed reactor models lies in their ability to capture phe-
nomena that strongly influence unit design and operating conditions. Simplified base-
line models fail to account for key effects such as reactor diameter, which significantly
affects gas and liquid velocities and, consequently, pressure drop, heat and mass trans-
fer, holdup, and catalyst wetting efficiency. Similarly, the influence of pressure and
temperature is not fully captured, as liquid evaporation or pressure drop, both crit-
ical phenomena, are neglected. As a result, simplified models overestimate LOHCs
conversion, leading to underestimated catalyst requirements, reducing equipment vol-
ume and investment costs. They also underestimate process energy requirements and
risk, as fresh LOHCs flowrates and pumping energy would be reduced and evaporation
losses are not considered. In the case of isothermal multitubular reactors, the influence
of the heating agent flowrate is not accounted for. Assuming ideal isothermal opera-
tion neglects variations in reaction and evaporation rates along the reactor and possible
temperature fluctuations. Additionally, the choice of the number of reaction units has
a reduced impact due to the assumption of isothermal and adiabatic operation and the
absence of liquid evaporation.

With regards to the feasibility of LOHCs use for maritime applications, the volume
that equipment occupies is manageable regarding typical ship dimensions. At the same
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time, it is possible to use the energy stored in LOHCs to convert into electricity with a
yield above 35%. The electrical efficiency of using hydrogen in the SOFC reaches almost
55%. However, the use of power in air blowers and pumps, AC to DC conversion or
incomplete conversions of LOHCs reduce it. Then, with a higher conversion of LOHCs
it is possible to improve the energy density of this system. It would be possible to
implement some LOHCs reuse techniques as proposed in Gambini et al. (2024b) or mix
fresh LOHCs with the final product. However, the study of these strategies is out of
the scope of this work. Considering the LOHCs conversion for the design point and
the hydrogen requirements from the journey presented in Gambini et al. (2024a), the
LOHCs volume would be 776.5 m3. This is considerably larger compared to process
equipment (71.36 m3). However, minimizing process units volume is critical since safe
distances, piping and equipment layout must be considered as well.

For comparison purposes, compressed or liquified hydrogen fuel would occupy 822
and 463 m3 respectively based on their storage conditions. However, other significant
problems may arise for these technologies. For example, liquefaction technology must
reduce boil-off losses and provide insulation to the tanks in the cargo ship. At the same
time, high energy consumption is attributed to this technology for its storage, while
LOHCs are able to provide energy demand using SOFC exhaust heat. With regards to
compressed hydrogen, 700 bar pressure, poses a challenge in the operation and safety
of these systems. At the same time, a high cost is attributed to these tanks (850 $/kg).
For this situation it would reach approximately 28 MM$ (Reuß et al., 2017).

The trade-off between the presented functions (obj1,2,3,4) is achieved at high-
intermediate temperatures and lower pressures for both reaction technologies. At the
same time, low-medium reactor sizes are suggested and intermediate use of fresh LO-
HCs and heating oil. Finally, the distribution of investment and volume for each type
of equipment (excluding LOHCs storage tanks), are shown in Figure 9.

In the case of DH module, dehydrogenation reactors and LOHCs replacement rep-
resent the most significant contributions in terms of costs. The cost of the reactors is
around 126.80 $/kWH2,LHV. The correlation proposed by Eypasch et al. (2017) is used
an updated to the same basis of this work. A similar value is obtained for the invest-
ment of the reaction section (136.05 $/kWH2,LHV). Other units such as heat exchangers
or rotating equipment, represent around 20% of the investment in this module. With
regards to equipment volume, reactors have a significant impact on this area. For the
CHP module, fuel cell clearly holds the higher volume fraction and is also the main
source of investment. However, compressors (air blower) and the burner also present
a contribution. Finally, considering the two systems together, the total investment cost
of the system represents 1990 $/kWel (excluding LOHCs losses). The fuel cell has the
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Figure 9: Equipment investment and volume distribution. HE (Heat Exchanger), PU (pump), CP (compres-
sor), FC (fuel cell).

highest impact in terms of investment. Nevertheless, similar volumes are expected for
dehydrogenation reactors and fuel cell.

3.2. Process operation

Once process design features are set based on previous multiobjective optimization,
process operation can be optimized for different energy demands (25, 50, 75, 100%).
The problem formulation constraints are adapted conveniently for each situation. First,
single objective optimization is performed (OS-RBF-CO). Then, with these results, refer-
ence point is set and then multiobjective (OM-RBF-CO) for risk minimization and fuel
use maximization is done. Note that in both cases all input variables are continuous.
Therefore, only RBF Kernel and CO are used.

The results for these optimizations are shown in Table 5. As in the previous stage,
the point selection for multiobjective optimization considers the minimum Euclidean
distance with respect to the Utopia Point. However, note that there exists a wide range
of possibilities as shown in Figure 10. There, the Pareto Front for each of the energy de-
mand cases is represented together with the single objective optimization results. Note
that multiobjective BO procedure is able to build an evenly distributed set of solutions
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between the single objective results. It clearly shows that the optimization procedure
between both objectives is balanced. At the same time, the selection for the operational
points is found in a narrow range. The fuel efficiency and risk vary up to 10% for MO
results. These variations are attributed to a higher catalyst-to-LOHCs relationship, that
provides the system flexibility to improve the efficiency and/or minimize process risk.
Likewise, the similarities between results occur along the Pareto Fronts for all opera-
tional loads. The differences are attributed to the same reason detailed before. Hence,
this shows that although process design and then operation have been optimized using
a sequential approach, there is a great interdependence between the operation under
nominal conditions and other reduced loads. In any case, if the differences would in-
crease between operational loads and if optimization was done for a specific route, then,
other approaches may be used such as design under uncertainty or multi-scenario de-
sign. However, note that in this work no specific route has been considered and the
optimization of a standard ship power system has been done. At the same time, even
for the same journey, cargo ship power load profiles vary considerably due to several
reasons (e.g., weather conditions, charge). Therefore, it is preferred to demonstrate the
feasibility of the operation under different loads and the great influence that nominal
conditions have over other reduced loads.

As in the previous design stage, the operating conditions for the isothermal reactor,
the recycle ratio, and the fresh LOHCs feed are the variables showing the most signif-
icant conflicts between risk minimization and fuel-use efficiency. Therefore, it is rea-
sonable to adjust these variables when selecting the operating point, depending on the
priority assigned to each objective in a given case, either to reduce operating conditions
and total material flow (to lower inherent process risk) or to favor higher conversions.
The final selection shows a trade-off between both risk and fuel use efficiency functions.
However, in any of them needs to be favored, it is possible to select another operating
point. The results show that for the fuel use efficiency, values should range between
25-40%. In terms of LOHCs conversion this would represent final conversions ranging
from 50-80% considering nearly 50% system electrical efficiency. This range of conver-
sions is found within the values proposed by other works (Gambini et al., 2024a).

While fuel use efficiency optimization favors high recycle, use of hot oil and low
LOHCs flowrate, risk minimization promotes the opposite. Although it can be con-
tradictory, a higher amount of fresh LOHC favors risk reduction. This is because it
reduces the need for recycling and hot oil to meet hydrogen demand since higher reac-
tant concentration favors better catalyst use. However, this negatively affects LOHCs
conversion. To reach a trade-off between both objectives intermediate values are found
for these three variables.
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Table 5: Optimization results for the operation stage.

Load 25% 50% 75% 100%
Objective f2 f3 MO (f1,2) f2 f3 MO (f1,2) f2 f3 MO (f1,2) f2 f3 MO (f1,2)
f2(%) 43.09 26.05 37.73 42.28 26.00 36.56 42.17 22.53 37.83 40.82 22.65 34.87
f3(RU) 2.72 1.72 1.92 2.52 1.70 1.90 3.09 1.57 2.07 2.94 1.67 1.95
Tisothermal (K) 577.07 584.22 593.00 573.00 593.00 584.38 584.69 593.00 593.00 573.00 593.00 592.91
Pisothermal (bar) 3.45 3.00 3.00 3.00 3.00 3.00 3.99 3.00 3.00 3.94 3.00 3.00

Foil
FLOHC

(L/mol) 5.19 1.42 3.19 4.50 1.30 3.07 6.00 0.96 3.24 5.45 1.12 2.75
Tadiabatic (K) 593.00 593.00 593.00 593.00 593.00 593.00 593.00 593.00 593.00 593.00 593.00 593.00
Padiabatic (bar) 1.50 1.50 1.50 1.50 1.50 1.50 1.50 1.50 1.50 1.50 1.50 1.50
FLOHC (mol/s) 3.19 5.20 3.65 6.52 10.61 7.54 9.81 18.35 10.93 13.51 24.34 15.81
RR (%) 66.67 0.00 10.80 66.67 0.00 0.19 66.67 0.00 36.31 66.67 0.00 47.16
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Figure 10: Fuel use efficiency and risk results using multiobjective optimization for different energy demands.

The pressure and temperatures conditions for adiabatic trickle beds are set to the
lower and upper bounds respectively in all cases. Hence, a higher reaction rate is pro-
moted while evaporation is reduced in adiabatic units. Similarly, pressures are set to
lower bounds in isothermal units, although in some cases for fuel use maximization,
intermediate values are used to minimize evaporation. Based on the same reason, inter-
mediate temperatures are also established for the single objective optimization of this
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function.
With regards to the effect of the process load on the objective functions, a slight in-

crease is possible at lower load values for the maximum higher fuel use efficiency (up to
43.09 %). The system is oversized, and then, it is possible to achieve higher LOHCs con-
versions. In the case of risk minimization, only slight variations are observed for MO,
with a small improvement at lower loads compared to nominal conditions. However,
under single-objective optimization, heating oil flowrate (in the lower part of its range),
increases to compensate for the reduced LOHCs feed to the reactors, which negatively
influences reaction progress, thereby raising risk index in single objective optimization
for the lower operating loads.

4. Conclusions

In this work, LOHCs use for hydrogen storage in maritime applications is assessed.
LOHCs process design and operation were optimized considering operating and de-
sign parameters together with the selection of two reaction technologies: isothermal
and adiabatic reactors. The ship load profile was not considered in the process design
optimization. However, in future work, for a specific vessel with a predefined route,
incorporating its load profile could be of interest.

Modeling these three-phase reactors required from detailed mass, heat and momen-
tum representation. A quantitative comparison was done against simplified baselines,
showing that if relevant phenomena are omitted, reactor performance is considerably
overestimated. The selection and number for each one were also considered in the op-
timization. For that purpose, BO has been applied for single/multiobjective, mixed-
integer constrained optimization. Specifically, the presence of integers, which intro-
duced discontinuities, is regarded as a challenge for optimization. One of the main
contributions to this work is the use of specific strategies to handle integers. There-
fore, different strategies were analyzed to perform mixed-integer optimization. These
included the modification of standard RBF kernel and the use of different optimizers
for the acquisition functions.

First, process design single (investment, volume, fuel use and risk) and then multi-
objective optimizations were carried out. Process design set 2 isothermal and 2 adiabatic
reactors with medium size. For the proposed design, a trade-off was reached between
investment (27.35 MM$), equipment volume (71.36 m3), fuel use efficiency (37.49 %)
and risk minimization (2.26 RU). The results from process design suggest the use of in-
termediate or high temperatures and low pressures for the reactors, high recycle ratio
and intermediate use of LOHCs and hot oil.
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The optimization procedure showed in single and multiobjective optimizations that
integers variables should be taken into consideration when using BO. DS-RBF-CO and
DM-RBF-CO cases (RBF kernel+ CO), showed the worst results compared to the other
approaches. On the other hand, although it could not be concluded that the GP kernel
modification combined with different optimizers can clearly outperform DS-RBF-MIO
and DM-RBF-MIO (RBF kernel + MIO), the optimizations reached either better or simi-
lar results. This is attributed to GP modification is able to capture better the discontinu-
ities. Hence, the approaches applied in this work are regarded as promising to perform
mixed-integer optimization.

Finally, operation was optimized for different capacities and similar operating strate-
gies compared to process design were selected to find a trade-off between risk mini-
mization and fuel use maximization. However, if other operating points are selected, it
is also possible to prioritize either fuel use efficiency (up to 43.09 %) or risk minimiza-
tion. Therefore, this work contributes to the LOHCs development and process design
optimization in mixed-integer spaces using BO.
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Nomenclature

Af Acquisition function
B Burner
BO Bayesian Optimization
CHP Combined Heat and Power
CO Continuous Optimizer
CP Compressor
D Dataset
dt Tube diameter (m)
Dr Reactor diameter (m)
DH Dehydrogenation
DoDH Degree of dehydrogenation
E Energy (kJ)
EA Evolutionary Algorithm
EI Expected Improvement
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EHVI Expected Hypervolume Improvement
EIC Equipment Investment Cost (MM$)
EV Equipment Volume (m3)
f Objective function
F Flowrate (mol/s)
FC Fuel Cell
FL Flammability limits (%)
GP Gaussian Process
Hc Combustion enthalpy (kJ/mol)
HE Heat Exchanger
HV Hypervolume
kp Polytropic constant
KSI Safety index empirical constant
i Inlet stream index
I Iterations
IMO International Maritime Organization
j Outlet stream index
k Covariance function
L Reactor length (m)
m Mean function
MIO Mixed-Integer Optimizer
ML Machine Learning
MO Multiobjective
MRC Material Replacement Cost (MM$)
MX Mixer
nr Number of reactor
NP Net power (MW)
P Pressure (bar)
PU Pump
R Reactor
RR Recyle ratio (%)
RBF Radial Basis Function
SI Safety index
SO Single Objective
SOFC Solid Oxide Fuel Cell
T Temperature (K)
LOHCs Liquid Organic Hydrogen Carriers
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VL Valve
W Power (MW)
x Independent variables
X Domain space
y Dependent variables
Λ Inverse squared lengthscale matrix
µD Posterior mean
P Set of non-dominated solutions in multiobjective optimization
σ2
f Variance of the process

σ2
D Posterior variance

ρ Stream density (kg/m3)
K Covariance between training dataset and itself
κ Covariance between training dataset and a new point
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